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ABSTRACT 
 
Community assembly of the gut microbiota is believed to be achieved through an 
interaction between the host’s lifestyle and genetic. Failure to address these population-
specific factors may lead to unsuccessful detection of obesity patterns in the human gut 
microbiota. This thesis aimed to extricate lifestyle and genotypic patterns from the human 
gut microbiota, and to identify obesity patterns in the microbiota of a population with defined 
lifestyle and ethnogeography. This study utilized the unique cultural and ethnogeography 
characteristics of Bali people. 
In the first part of this thesis, the faecal microbiota of 36 ethnic Balinese individuals was 
compared by obesity, diet patterns (through food frequency questionnaire), and genetic 
lineage (through mitochondrial DNA [mtDNA] haplotyping). Subjects with non-R mtDNA 
haplogroup were found to have a higher prevalence of Prevotella-dominated enterotype 
and higher risk of developing obesity. Moreover, the enterotypes were found to be linked 
to long-term diet patterns, particularly to choices of staple foods in meals.  
In the second part of this thesis, the microbiota of 41 Bali individuals was contrasted with 
the microbiota of 283 other people from 7 ethnogeographically distinct rural and urban 
populations. Principal Coordinate Analyses of the unweighted Unifrac distance placed Bali 
individuals between the rural and urban samples, reflecting Bali’s status as a newly-
industrialised society. Urbanisation is also associated with the abundance of Prevotella and 
Bacteroides across populations, but not obesity. 
Collectively, these findings highlighted that perpetuating host factors (lifestyle, genotype) 
are drivers of microbial community assembly in the human gut. Importantly, this thesis 
showed that understanding the genetic and socio-cultural context of a population could be 
the key to effective identification of microbial biomarkers in obesity.  
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PREFACE 
 
The global burden of obesity is increasing across the world in conjunction with 
urbanisation. Interventions for obesity are often done by alteration of lifestyle, usually 
through diet and exercise. In recent years, mounting evidence has established that the 
impact of diet alteration on individual health is linked to the gut microbiota. Strong 
patterns were particularly seen in animal model as well as in human small-scale studies 
[1–5]. Thus, the microbiota has become a compelling target for obesity intervention 
strategies. 
The success of public health interventions often depends on accurate identification of 
common risk factors specific to the targeted population. To better understand how the 
microbiota could be successfully manipulated for public health management, 
elucidating the common rules and factors that govern microbial community assembly 
(and its alteration) is imperative. However, identifying consistent patterns across 
different studies and populations has been challenging [6,7]; possibly due to high inter-
individual variations in the microbiota. The high variations in the human microbiota is 
presumed to reflect host-specific factors, mainly individual diet preferences [8] and 
genetic background [9,10].  
Interestingly, recent literature has reported that the gut microbiota are different between 
human populations with distinct geographical locations [11], urbanisation level [12–14], 
and ethnic background [15,16]. Conceptually, the host’s dietary and genotypic 
variations are inherent to the host’s cultural (e.g. urban or rural lifestyle) and 
ethnogeography origins (e.g. ethnicity). So one can expect that some on the individual 
variations in the microbiota may coincide with characteristic differences between 
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human populations. But how these differences relate to obesity prevalence in a 
population has not been observed. 
All of the above give rise to one question: is the success of microbiota manipulation 
(i.e. intervention programs) dependent on cultural and ethnogeography factors? If it 
does, then this question is especially important for a country like Indonesia, where 
different regions have marked ethnogeography diversity, that leads to differences in 
disease allelic frequencies and diet conventions.  
In this thesis, the influence of lifestyle and ethnogeography on the gut microbiota 
community will be examined for its association with obesity at individual and population 
level. My study primarily sampled the faecal microbiota of obese and lean individuals 
in Bali (see Chapter 2); which were contrasted with the microbiota of individuals from 
other populations (see Chapter 3).  
Sampling the Balinese has allowed this study to circumvent two limitations in human 
microbiota research: Firstly, microbiota association with obesity are generally 
undetected or weak in cross-sectional studies. As mentioned previously, the weak 
statistical significance was presumably due to high variations of host-specific factors. 
However, the lifestyle and genetic heterogeneity in the Balinese is less diverse than in 
other multicultural urban societies (e.g. Jakarta or Sydney)1. Thus, by limiting the 
samples to include only the Balinese people, host-specific variations are limited, and 
any cultural and genetic variance left in the dataset would be Bali-specific. Due to this, 
I expect that obesity-associated microbial patterns can be found in a cross-sectional 
                                                
1 Even with recent influence of western culture, most of the local people in Bali still practice unique 
lifestyle that is a blend of Hinduism and local Indonesian traditions. And historically, the Balinese 
ethnic group experienced minimal genetic intrusions from outside the area (e.g. random mating, gene 
flow) due to strict caste system ingrained by their religion and culture (although this practice has 
slightly diminished in modern times). 
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study in Bali. Moreover, correlation of these patterns with Bali-specific diet and genetic 
variance may also be found (due to reduced variations). Secondly, no study has 
successfully addressed the influence of lifestyle alterations (e.g. urbanisation) on the 
microbiota on a global (multi-national) scale. Previous multi-population studies 
generally compared populations which were very distinct in terms of geography, 
lifestyle, and ethnic origin [11–13]. Thus, the impact of lifestyle cannot be distinguished 
from ethnogeography. Sampling the people in Bali is advantageous because the 
population is still on the earlier spectrum of industrialisation, compared to most cities in 
developed countries (e.g. USA, Italy)2. So combining the microbiota data from Bali 
individuals with other rural and urban populations creates a spectrum of urbanisation 
level. Hypothetically, the dataset will allow for distinction of lifestyle-related influence 
(e.g. urbanisation) from population-specific confounders in the analysis (e.g. 
methodological/ethnogeography differences). 
  
                                                
2 There is no exact measure for urbanisation, but inferance can be made using various human 
development indicators. For instance, according to the 2015 Human Development Report by UNDP, 
50% of Indonesia’s population live in urban settlements; which is between the USA (83.1%) and Malawi 
(16.1%) [17]. Notably, this is not the only indicator of urbanisation. Other indicators, such as the Human 
Development Index and the GINI index, can also be applied. However, using country-level data of these 
indicators is not always representative of the conditions of a specific population. Because, they do not 
account for inequality within a country. For example, according to the previously mentioned UNDP 
report, 94.1% of Venezuelan population live in urban area, but there are settlements in the Amazon 
forest that still adhere to hunter-gatherer culture (e.g. the Guahibo Amerindians) [11,18]. In contrast, 
the majority of locations in Bali (particularly Denpasar City, where the samples for this study were 
collected) is considered an urban settlement; due to relatively easy access to food markets, health 
facilities, educational institutions, and public transportations. 
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CHAPTER 1 
Linking obesity and the gut microbiota with  
lifestyle and ethnogeography: a review 
 
1.1. Introduction 
Obesity is a multifactorial disorder. Among many factors, obesity is most commonly 
thought as a product of the obesogenic nature of a ‘westernized’ environment, that 
alters people’s eating habits and activity. Yet, obesity intervention programs that 
focused only on diet and/or exercise showed inconsistent results, with high individual 
variations of success. The high individuality suggests that the human body has a great 
repertoire of responses to promote weight-gain and prevent weight-loss. Inter-
individual variations could stem from, but are not limited to, differences in host profile 
(e.g. genetic predisposition, lifestyle, ethnicity, diet, neuroendocrine functions) and the 
gut microbiota community (a group of Bacteria, Archaea, and Eukarya that inhabits the 
gastrointestinal tract). 
The gut microbiota is essentially an active organ in the host’s gut, interacting with 
digested food components in the lumen and the host at the gut interface. Mounting 
evidence has established the role of the microbiota in many key regulatory functions of 
the host body. Its presence is essential for the healthy development of the endocrine, 
lymphoid, and the nervous systems [19].  
The gut microbiota makes an attractive intervention target for obesity, not only due to 
its links to host physiological condition, but also its sensitivity to host lifestyle, 
particularly diet. A significant disturbance of the interaction between host and the gut 
microbiota (whether due to unhealthy diet or other host-external and internal factors) 
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potentially leads to the development of diseases, including many lifestyle-related 
contemporary diseases such as obesity and type-2 diabetes (T2DM). Studies using 
animal models have observed that this disturbance, also known as dysbiosis, may 
affect the host on several physiological levels, including regulation of inflammatory 
responses, energy homeostasis, and satiety/appetite signalling [20]. Moreover, 
numerous studies have reported the role of diet-induced alteration in the gut microbiota 
that leads to obesity pathophysiology.  
Yet, detecting consistent microbial patterns in human populations has been 
challenging, partly due to high individual variations in the human gut microbiota. The 
variations, however, may not be a completely random effect. For instance, Arumugam 
et al. found that, based on the enrichment of different bacterial genus, individual gut 
microbiota could be grouped into 3 discrete clusters – enterotype-1 (Bacteroides), 
enterotype-2 (Prevotella), and enterotype-3 (Ruminococcus) [20]. Despite the fact that 
the enterotype concept and its value as biomarkers has been recently questioned, due 
to unreliable segregation of the clusters between studies [21,22]; the presence of 
enterotype-like structures have been globally observed in several population-level gut 
microbiota analyses [11,23]. Moreover, the enterotypes showed notable geographical 
localities that hints into association with host lifestyle factors, particularly to variations 
in diet (e.g. animal vs. plant-enriched diet [11,24,25]), urbanisation level (urban vs. rural 
[11–13]), and ethnicity/socio-economic status [15,16,26,27].  
How the microbiota contributes to the pathophysiology of obesity is still actively 
researched. Currently, there is a severe lack of knowledge of the mechanisms that 
govern microbial community assembly in the gut – such as what facilitate the change 
of a healthy to a dysbiotic community (and vice versa); and to what extent do host 
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factors interact to shape the final structure of the community. The pathophysiology of 
obesity is strongly associated with lifestyle and ethnogeography. Thus, understanding 
these mechanisms is fundamental to enable reliable identification of biomarkers of 
diseases in the microbiota. This chapter will review the evidence for the role of the gut 
microbiota in obesity; and how the microbiota community is associated with variations 
in diet, lifestyle, and host factors. 
 
1.2. Evidence for the role of gut microbiota in obesity 
1.2.1. In mice models 
Studies of Germ-Free (GF) mice have demonstrated that the presence of gut 
microbiota is an important factor in regulating host body weight and adiposity. In a study 
of adult C57Bl/6 male mice by Bäckhed et al., the presence of gut microbiota 
significantly affects diet-induced weight gain under a Western-like diet (WD) regime. 
The WD was high in fat and refined sugar, leading to greater whole body adiposity in 
CONV mice (CONV; GF mice that have been colonized by microbiota from the cecal 
contents of a conventionally-reared mouse). This study is in agreement with the notion 
that the gut microbes are important modulator for host’s energy harvesting and storing 
from food to fat [28,29]. 
Subsequent studies, however, demonstrated that diet and species variations can alter 
the role of microbes in host health. Fleissner et al., who compared high fat diet (HFD) 
with the WD, found only significant differences of weight gain and adiposity in mice fed 
with WD, and no difference in mice fed with HFD [30]. Whereas Swartz et al., who 
compared Fischer 344 rat with C57Bl/6J mice model, found that only GF and CONV 
mice differ in adipocyte lipogenesis activity following obesogenic diet [31].  
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The studies described above have demonstrated that the microbiota can modulate the 
host’s energy homeostasis. Notably, other studies have also highlighted pathways 
which the microbiota impact host metabolism by regulating feeding behaviour (see 
Bauer et al. for a recent review of this matter [32]). There are other potential pathways 
[33], but the key is that the host’s response are triggered by molecular interactions with 
microbial metabolites and microbes associated molecular patterns (MAMPs). More 
host-microbe interaction will be elaborated in Section 1.3.   
In summary, initial studies suggested that microbes can drive obesity development, but 
more recent data indicates that the effect of microbes on obesity can vary by diet and 
genetic background. The effect of diet and genetic variations were clearly seen in 
studies that used model animals, which is tightly controlled by diet, environment, and 
genetics (using inbred strains). However, in the real world, diet, environment, and 
genetic varies from person to person. So, if the gut microbiota’s sensitivity to diet and 
genetic variations holds true in humans, cultural and environmental diversity among 
human populations can result in high diversity in the microbiota. Meaning, inter-
individual variations in the microbiota potentially confound (and may even overwhelm) 
disease-associated patterns. Presence of high variation in the data can hinder the 
detection of disease patterns in large-scale and multi-population studies. The next 
sections will discuss this subject further.  
1.2.2. In humans 
To date, studies of the human gut microbiota have mostly focused on the bacterial 
communities in the colon, likely because they are easiest to access. The human colon 
harbours the greatest number of microbes. Bacteria cells make up a large majority of 
the colonic microbiota, but it is worth noting that other microbes such as archaea [34], 
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and eukaryotes [35], are also present in the gastrointestinal tract along with viruses 
[36]. The two most abundant bacterial phyla in the gut are Firmicutes and 
Bacteroidetes, which typically comprise 80 to 98% of the 16S rRNA gene sequences 
detected in human [43]. Actinobacteria, Proteobacteria, Verrucomicrobia, and 
Fusobacterium are generally minor constituents which are less persistently found 
across individuals [34].  
The first evidence for obesity association with the gut microbiota in humans was 
Phylum-level alteration of the gut microbiota community reported by Ley et al. in 2006 
[3]. The study is a weight-loss trial involving 12 subjects randomly assigned to 
hypocaloric diets (fat-restricted or a carbohydrate-restricted). The study observed that 
the relative abundance of Bacteroidetes Phylum was decreased as Firmicutes 
increased in obese compare to lean people. As the trial completed, the Bacteroidetes 
to Firmicutes proportion progressively increased along with weight-loss on either diet, 
but more responsively in the carbohydrate-restricted diet despite less weight-loss. 
Overall, the study suggests that variations in the microbiota may be linked to obesity; 
but more importantly, different components in the diet may give variable responses.  
The association between the Firmicutes and Bacteroidetes ratio (FB ratio) and obesity 
was contested in a case-control study of monozygotic and dizygotic twin pairs by 
Turnbaugh et al. in 2009 [38]. Here, Bacteroidetes was significantly lower in abundance 
whereas Actinobacteria was more abundant in obese individuals, yet Firmicutes 
proportion did not differ. Further analysis in the twin study using the whole-genome 
metagenomics sequencing found that 42% of the lean-enriched genes were from 
Bacteroidetes which include enzymes involved in carbohydrate metabolism; whereas 
75% of the obesity-enriched genes were from Actinobacteria and the other 25% are 
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from Firmicutes, which include genes involved in transport systems, regulation of gene 
expression, and amino acid (AA) metabolism. Overall, this study suggested that 
although some taxonomic differences between lean and obese individuals can be 
detected in large-scale studies, the signatures may not be consistent across different-
studies. 
Following these studies, others have either confirmed [5,39–42] or contradicted [4,43] 
that the FB ratio is associated with either obesity or successful weight loss. Notably, 
the association was generally not seen in cross-sectional or meta-analysis studies that 
contained samples from a number of different human populations [6,7]. The lack of 
consistent association can be due to the signals being confounded by host-specific 
factors – such as age [44], diet [45], and the presence/absence of other metabolic 
comorbidities [23,46]. Furthermore, the FB ratio is likely linked to ethnogeography, 
because of the underlying cultural and dietary differences may impact the microbiota 
community structure. For instance, in a population which commonly consumed food 
with high polysaccharide content, the FB ratio is likely higher (e.g. as seen in Burkina 
Faso children compared to Italian children [25]).  
Another potential biomarker to obesity is the decrease of microbial diversity in obese 
subjects. The Turnbaugh twin study reported that obesity was associated with a 
significant decrease in microbial diversity [38]. In addition, increased diversity is 
considered a marker of higher gene richness. A study by another group affiliated to the 
MetaHIT consortium reported that obesity is significantly more prevalent in individuals 
with low gene count (LGC) [47]. Subjects with LGC exhibited higher adiposity (fat mass 
percentage and body weight); increased serum leptin, triglycerides, and free fatty acids; 
decreased serum adiponectin and HDL-cholesterol; along with insulin resistance, 
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hyperinsulinemia, and pro-inflammatory phenotypes (i.e. increased C-reactive protein 
[CRP] and white blood cell counts). A significant number (>90%) of the genes that differ 
between LGC and high gene count (HGC) individuals were from unknown bacterial 
genome, but the remaining 10% of the genes showed potential modulatory roles in 
inflammatory responses. Verdam et al.  reported reduced microbial diversity in obese 
individuals with elevated intestinal and systemic inflammation; which is accompanied 
with increased Proteobacteria, and lower FB ratio [41]. Interestingly, the twin study by 
Turnbaugh et al. [38], the MetaHIT study by Le Chatelier et al. [47], and the study by 
Verdam et al. [41] are cross-sectional prevalence studies. Collectively, an overall 
change in the microbiota such as a decrease in diversity and lower gene richness may 
also be linked to disease phenotypes in the host.  
In summary, associations between the gut microbiota and obesity in humans have 
been observed in several studies. Common patterns include taxonomy-based patterns 
(e.g. the FB ratio) and global trends such as alpha diversity and gene richness. 
Importantly, while taxonomy-based patterns (e.g. the FB ratio) may be inconsistent 
across large-scale studies, global trends seemed to be more reliably detected in 
population-level analysis. All of the above suggests that in large-scale studies, 
taxonomic variations may be more sensitive to host factors (e.g. dietary differences, 
ethnogeography). Thus, for population-level surveys (e.g. large-scale observational 
studies), microbial diversity and gene richness may be more robust as markers. 
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1.3. The mechanistic links between diet, the gut 
microbiota, and the host in obesity 
A central feature of the cross-talk between the gut microbiota and the host is the 
activation of host molecular signalling pathways via Microbes Associated Molecular 
Patterns (MAMPs, such as lipopolysaccharide [LPS]) and microbial metabolites (such 
as Short Chain Fatty Acids [SCFA]). In a dysbiotic gut microbiota community, the 
microbial components (e.g. LPS [48]) and their metabolite products (e.g. hydrogen 
sulphate, reactive oxygen species [49]) activates a state of perpetuating inflammation 
on the host’s gut intestinal interface. Part of the adverse effect of the inflammation is 
gradual depletion of the intestinal mucus layer and decreased expression of the tight 
junction proteins, which cumulatively result in increased intestinal permeability known 
as the ‘leaky gut syndrome’. A leaky gut increases influx of MAMPs into the host’s body 
through the portal-vein and liver. Some of the major pathways that were influenced by 
microbial metabolite and MAMPs belonged to the metabolic, immune, and 
neuroendocrine systems. When the regulation of these pathways are disturbed, it leads 
to not only simple weight gain and increased adiposity (hence, obesity); but also other 
co-morbid conditions such as insulin resistance, systemic inflammation, and altered 
feeding behaviour [50,51]. For a more comprehensive discussion on this topic, see 
reviews by Ha et al. [49] and Marchesi et al. [52]. 
Importantly, the presence of MAMPs and microbial metabolites are linked to host’s diet, 
since diet can alter the gut microbiota community (Figure 1.1). Generally, components 
of the diet are converted into microbial metabolites (e.g. SCFA) in the gut which then 
impact a wide range of physiological signalling roles in the host. At this point, the 
microbiota community may also shift its composition due to competition for available 
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substrates. Furthermore, this structural shift alters the profile of MAMPs and 
metabolites, which directly interact with the host and triggers varying regulatory 
responses. Thus, there is an indication that the interaction between host and the 
microbiota that leads to obesity is complex, and potentially modulated by host diet. In 
the following sections, the molecular mechanisms underlying the microbiota’s influence 
on host physiology will be reviewed. The discussion will emphasize on the pathways 
that lead to obesity and its comorbid diseases. 
 Figure 1.1. The interrelationship between diet, host, and the microbiota. Solid arrows represent the primary pathways of the interaction, 
involving host detection of metabolite and molecular patterns (MAMPs) to initiate 
physiological responses and consequently cause disease. Dotted arrows 
represent other pathways which can modulate the outcome of the primary 
interactions. 
 
 
1.3.1. Microbes Associated Molecular Patterns (MAMPs) 
MAMPs are structural components of microbes, which are sensed by Pattern 
Recognition Receptors (PRR) at the cellular membrane or inside host cells. Some of 
the well characterised MAMPs are lipopolysaccharide (LPS), flagellin, and 
peptidoglycan; which are respectively recognised by host’s Toll-like Receptor 4 (TLR4) 
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[53,54], Toll-like receptor 5 (TLR5) [55], and nucleotide-binding oligomerization 
domain-containing receptors NOD1/NOD2 [56]. The net amount and the type of 
MAMPs in the gut reflect the tentative profile of the gut microbial community (variance 
and relative abundance), and can trigger a wide range of host responses, depending 
on which types of cells or tissues the PRRs were activated. A few pathways activated 
by MAMPs that linked to obesity have been established. These include: (1) regulation 
of host inflammatory profile at the gut interface as well as the whole body; (2) initiation 
of adipocyte proliferation and hypertrophy that increases adiposity; (3) modulation of 
host appetite and satiety. A brief review on the mechanistic links between MAMPs and 
pathophysiology of obesity is summarised below: 
1.3.1.1. LPS 
A compelling evidence of MAMPs-host interactions in obesity is the role of LPS in 
maintaining host physiology; notably, gut-barrier function and inflammatory responses. 
The LPS receptor TLR4 is not only expressed in the basolateral compartment of the 
intestinal epithelial cells, but also in a number of insulin and inflammatory-modulating 
tissues and organs such as the liver, pancreas, adipose tissue, and T cells [53]. TLR4 
activations have been shown to exacerbate inflammatory tone by impacting the release 
of pro-inflammatory cytokines which promote accumulation of CD4 T cells [53,54]. 
Studies in knock-out (KO) mice have demonstrated the physiological effect of LPS 
activation of TLR4. Under supplementation of LPS, mice deficient in both TLR4 [57] 
and CD14 [58] are protected against inflammatory responses and metabolic 
dysfunctions (which includes obesity and insulin resistance). Animal model 
experiments have demonstrated that changes in gut microbiota community – for 
example, by antibiotic treatment [48] or prebiotic supplementation [59] – can change 
LPS profiles and modulate inflammatory responses involved in insulin resistance and 
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adiposity. It should be noted that LPS is not the sole activator of TLR4, other molecules 
such as saturated fatty acids can also act as agonists [60].  
LPS is a key signalling molecule which links host food intake with the gut microbiota in 
metabolic and inflammatory modulations. A high fat diet (HFD) is associated with 
increased release of LPS in the intestinal lumen (likely due to the growth of 
Proteobacteria). HFD-induced elevation of LPS in the lumen decreased tight junction 
protein expression in the gut epithelium; the loss of tight-junction proteins impair gut-
barrier function, releasing luminal contents (including LPS) into the portal vein to the 
liver and eventually exported to other tissues and organs via the circulatory system 
[48]. The loss of gut barrier integrity is a major contributing factor for LPS-driven 
inflammatory responses, but intestinal production of LPS is also facilitated by dietary 
fat by the formation of chylomicrons [61], providing an additional link between hepatic 
uptake of LPS and TLR4 activation with high-fat diet. 
LPS potentially modify satiety signals in the host. When challenged with LPS, the vagal 
afferent neurons developed leptin resistance in vitro and in vivo [62,63]. HFD-induced 
increase of plasma LPS in mice and contribute to the leptin resistance developed by 
vagal afferent neurons and lead to inhibition of cholecystokinin-induced satiation 
signalling [64].   
1.3.1.2. Flagellin 
Flagellin is the principal component of bacterial flagellum present in most flagellated 
bacteria. The mammalian innate immune system is well equipped for detection of 
flagellin, its immune cells express flagellin-recognising toll-like receptor 5 (TLR5) on 
their cell surfaces. TLR5, a transmembrane protein, is expressed by epithelial cells, 
endothelial cells, macrophages, dendritic cells, and T cells. Activated TLR5 ultimately 
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leads to activation of IκB kinases that mobilise pro-inflammatory cytokine NF-κB and 
trigger TNFα production [65]. As such, a systemic influx of flagellin molecules (e.g. due 
to leaky gut) is closely correlated to proinflammatory phenotypes.  
TLR5-KO mice developed metabolic syndrome (include hyperlipidaemia, hypertension, 
insulin resistance, and increased adiposity) and exhibit hyperphagia [55]. These 
phenotypes were accompanied by alteration of the gut microbiota composition. When 
the gut microbiota from TLR5-deficient mice was transferred to wild-type GF mice, 
many features of metabolic syndrome were conferred. Food restriction prevented 
obesity, but not insulin resistance, in the TLR5-deficient mice.  
In another study, microarrays were used to compare adipose tissue gene expression 
profile of 4 women exhibiting high TLR5 expression and 4 women with low TLR5 
expression [66]. The analysis identified 668 genes in adipose tissue that were 
differently expressed between the groups, most involved in the metabolic and immune 
responses. Leptin and adiponectin levels also differ between the groups, indicating 
alterations in satiety signal, glucose regulation, and fatty acid oxidation in adipose 
tissue. The two groups also differed in their gut microbiota structure: high TLR5 group 
had higher flagellated Clostridium cluster XIV abundance and Firmicutes-to-
Bacteroidetes ratio. 
1.3.1.3. Peptidoglycan 
Peptidoglycan (also known as murein) is the structural component of bacterial cell wall. 
The peptidoglycan layer of Gram-positive bacteria cell wall are several times thicker 
than in Gram-negative strains [67]. Thus, elevated presence of peptidoglycan is 
primarily associated with higher abundance of Gram-positive bacteria. Interestingly, 
most Firmicutes are Gram-positive, whereas most Bacteroidetes are Gram-negative. 
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As discussed in the previous sections, Firmicutes and Bacteroidetes responded to 
alterations in host’s diet. Therefore, there are potential links between diet-induced 
obesity with bacterial peptidoglycans. 
Nucleotide-binding oligomerization domain-containing proteins 1 (NOD1) and NOD2 
recognise peptidoglycan particles. NOD1 is expressed by a wide variety of cell types, 
including epithelial cells, stromal cells, and endothelial cells [56]. In contrast, NOD2 is 
expressed only in certain cell types, such as hematopoietic cells and intestinal Paneth 
cells and stem cells. NOD1 and NOD2 sense peptidoglycans in the host cytosols 
instead on the cell surface like TLRs.  
Activation of NOD1 and NOD2 is not exclusive to peptidoglycan, but nonetheless the 
subsequent molecular mechanisms are involved in the modulation of host immunity 
and inflammatory responses [68]. In mice, NOD1 or NOD2 stimulation leads to Th2-
cell-dependent adaptive immune responses; and co-stimulation with TLRs promotes 
the priming of Th1, Th2, and Th17 [69,70]. Activation of NOD1 led to an activation of 
NF-kB and increase of IL-6 secretion in isolated human preadipocytes [71], suggesting 
a role in adipocyte hypertrophy. NOD1 activation in mice has also been associated with 
insulin resistance [72].  
1.3.2. Microbial metabolites 
The gut microbiota metabolises available substrates along the host’s intestinal tract, 
which produce a wide-range of metabolite products. As previously discussed, the 
production of microbial metabolite is affected by substrate availability in the gut supplied 
by host diet (Figure 1.1). Each microbe in the gut can respond differently to accessible 
substrates. Some microbes may have competitive advantages over others in a 
particular nutritional landscape (e.g. bacteria with high saccharolytic potential may 
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thrive in an environment high in carbohydrate).  The microbial community in the gut are 
dynamically adjusting its activity to fit the substrate availability, so the net 
concentrations of metabolite products in the gut also change accordingly. Notably, the 
microbial community composition also adjusts to alterations in host’s diet (Figure 1.1), 
which further impact the composition of the metabolite products in the gut.  
As with MAMPs, host response to microbial metabolite productions is specific to the 
type of metabolite detected by receptors in different host cells. These interactions can 
happen directly on the intestinal epithelium or other parts of the host body such as the 
brain, the liver, and lymph nodes. The following is a brief summary on the impact of 
microbial metabolite on the development of obesity, with emphasis on the production 
of Short Chain Fatty Acids (SCFAs); but notably, many more metabolites exist that 
stimulates different pathways [50,51]. 
1.3.2.1. Short Chain Fatty Acids 
SCFAs have an important role in the cross-talk between diet, the microbiota, and 
obesity. SCFAs are involved in the regulation of a wide-range physiological processes 
in the host, such as triggering pathways in the metabolic, immune and endocrine 
systems. Production of SCFAs by the gut microbes are particularly linked to host’s 
intake of dietary carbohydrate and protein, which can be inherently linked to a person’s 
lifestyle and ethnogeography origins. 
1.3.2.1.1. SCFAs in obesity pathophysiology 
SCFAs can be directly used as energy substrates by the host, contributing to about 6-
9% of total energy intake in humans [73]. Butyrate is the main energy source for 
colonocytes, and is essential to maintaining gut-barrier integrity. Some of the SCFAs 
are transported from the gut epithelium via the portal vein to the liver for storage and 
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metabolism. Notably, the SCFAs can enter the host’s circulatory system (from the liver) 
to eventually reach other organs and tissues via peripheral circulation. 
Important to obesity pathophysiology, SCFAs are trigger molecules in a wide-range of 
pathways that impact the metabolic, immune, and neuroendocrine systems. Various 
host cells have transmembrane PRRs for SCFAs, primary G-protein coupled receptor 
41 (GPR41) and GPR43 (also known as FFAR3 and FFAR2, respectively). These 
receptors are strongly activated by propionate; but butyrate and acetate are also 
recognised [74]. Activation of these receptors by SCFAs regulates the host’s 
neuroendocrine signalling [75,76] and immune responses [77], impacting energy 
homeostasis, feeding behaviour, and inflammatory phenotypes. For instance, GPR43 
can promote adipogenesis if activated by acetate and propionate [78], and has been 
shown to be up-regulated by high intake of dietary fat [79]. In addition, the SCFA 
butyrate is a known Histone Deacetylase Inhibitor (HDACi), but its links to host 
adiposity is less understood.  
As energy source, the impact of SCFAs on host systems is predicted to be consistent 
across all people.  But the actual SCFAs yield will vary with both diet and microbiota 
composition. As signalling molecules, the influence of SCFAs are reasonably expected 
to vary between people, depending to genetic background of a person. Such variation 
is potentially amplified by the effects of SCFAs on histone deacetylation. Due to this, 
we may predict that host-microbiota interaction may differ across ethnogeographically 
distinct populations. 
1.3.2.1.2. Production of SCFAs by the gut microbiota 
In the gut, SCFAs are produced mainly through complex polysaccharide degradation 
by the gut microbes. However, some SCFAs are also produced in the hydrolysis of 
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amino acids (AA) and Branched-Chain Amino Acids (BCAA) [80]. The main SCFAs 
produced in the gut are acetate, propionate, and butyrate. Acetate is the most abundant 
SCFA in the colon [81].  
Sources of carbohydrate for the gut microbes can come from the host’s diet (e.g. plant 
polysaccharides, resistant starch) or the host’s secretion (e.g. mucin glycans). 
Carbohydrates that are available for microbial digestion in the gut is dubbed Microbe 
Accessible Carbohydrate (MAC). 
Dietary MACs arrive in the gut lumen in the form undigested plant-derived 
polysaccharides such as cell wall fibre and resistant starch (RS, dietary starch which 
humans lack the enzymes to digest by themselves). Some microbes can utilise these 
substrates by producing enzymes that cleave the complex polysaccharides into smaller 
saccharide molecules (e.g. lactose, succinate), and releasing them into gut lumen for 
other microbes. In the human gut, these microbes include cellulolytic bacteria (e.g. 
Ruminococcus spp., Clostridium sp., Eubacterium sp., and Bacteroides spp.); 
xylanolitic bacteria (e.g. Prevotella sp., Bacteroides ovatus, Bacteroides xylanisolvens, 
Roseburia intestinalis); and saccharolytic bacteria capable of degrading complex 
storage polysaccharides (starch) (e.g. Bacteroides spp.) [82–86]. A few microbes have 
been specifically noted for their ability to utilise resistant starches, such as 
Ruminococcus bromii, Eubacterium rectale, Oscillibacter, Bifidobacterium 
adolescentis, and Parabacteroides distasonis [45,87]. Notably, most of these bacteria 
are members of Firmicutes and Bacteroidetes Phyla, which has been previously noted 
to be sensitive to host intake of dietary carbohydrates [3,45,88]. The end products of 
microbial polysaccharide degradation are SCFAs, CO2, and H2 gas. A summary of the 
network of polysaccharide degradation by the gut microbes is depicted in Figure 1.2.  
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 Figure 1.2. Syntrophic degradation of dietary polysaccharides by the microbiota. Reprinted from Scott, K. P., Duncan, S. H. and Flint, H. J. 
(2008), “Dietary fibre and the gut microbiota”, Nutrition Bulletin, 33: 201–211. 
Copyright (2008) by British Nutrition Foundation [89].  
 
All of the above suggest that the end SCFA profile (composition, proportion) in the gut 
is sensitive to the types of complex polysaccharide supplied by the host’s diet. Thus, 
there is a compelling avenue for the modulation of host physiology through alteration 
of carbohydrate profile in the diet. However, in a real world setting where there is no 
experimental control of host diet, the community of microbes that responds to 
carbohydrate intake can vary greatly from person to person. Perhaps, it is why the 
association between Firmicutes and Bacteroidetes ratio with obesity was typically 
found in diet-controlled experiments [45,88] and small-scale studies (because small 
sample size limits host variations) [3,25], but not in large-scale cross-sectional studies 
[38] and meta-analyses [6,7]. Furthermore, ethnogeographic and geographical 
variations in the gut microbiota are likely influenced by the differences in carbohydrate 
profile (composition and proportion) that is inherent to their culture and lifestyle, as 
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previously noted by deFilippo et al., who reported that Bacteroidetes to Firmicutes ratio 
were higher in children in Burkina Faso than children in Italy [25]. 
Another, non-dietary, source of MACs is the host’s goblet cells, which produce mucins 
along the surface of the intestinal epithelium. There are 2 layers of host intestinal 
mucins (inner and outer) which are net-like array of glycoproteins, primarily made of o-
glycans [90]. In a healthy gut, the inner mucin layer is rarely colonized by microbes, but 
the outer layer is less compact and can harbor highly-specialized microbes. Some of 
these microbes utilise the glycans and produce SCFAs, such as acetate and 
propionate. One of the best known coloniser of host mucin layer is Akkermansia 
muciniphila, which can produce SCFA propionate [91]. Some of the other gut bacteria 
that could utilise host mucin to produce SCFA are Ruminococcus gnavus [92], 
Bacteroides caccae, and B. thetaiotaomicron [93,94].  
Interestingly, mucin-degrading faecal bacterial community was found to be highly 
diverse and host-specific (e.g. by age [95] and diet [96]). This diversity suggests that 
the end SCFA profile from bacterial degradation of mucin can vary from person to 
person. Furthermore, the variation might be amplified by factors inherent to the host’s 
physiology, such as altered genetic and epigenetic expression of mucin [97]. 
SCFAs can also be produced through microbial AA fermentation. Gut bacteria can 
catabolise all types of AA into metabolite products, but mostly prefer Thr, Ser, Lys, Arg, 
Gly, His, Glu, Asp, and the BCAA Leu, Ile, and Val [98]. Therefore, there is a 
competitive relationship for amino acids between the host and the microbiota. In a diet 
low in certain protein content, this competition could be severe, and thus prompted the 
gut microbiota to shift to a different community assembly strategy.  
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Compared to carbohydrate, the breakdown of proteins by colonic bacteria yields a 
greater diversity of end metabolite products, which include SCFA (acetate, propionate, 
and butyrate) and BCFAs (valerate, isobutyrate, and isovalerate). Known gut bacteria 
that produces SCFAs and BCFAs from AA are members of Fusobacterium (F. 
nucleatum, F. varium) and Firmicutes (Peptostreptococcus spp, Clostridium 
bifermentans, C. sporogenes, C. difficile, Megasphaera elsdenii) [98]. 
Similar to the microbiota community’s sensitivity to carbohydrate profile in the host’s 
diet, differences in the host’s protein intake potentially create inter-individual variations 
in the gut microbiota and change SCFA profile in the gut. Direct associations between 
altered protein profile, the gut microbiota, and SCFA profile have not been 
demonstrated. Although David et al. have reported that varying proportions of animal-
based and plant-based diet can alter the gut microbiota community [8], this does not 
directly reflect protein proportions since plant-based diet can also be high in protein 
(e.g. from high consumption of legumes). However, the plant-based diet in the 
experiment by David et al. does harbour smaller protein source compared to the 
animal-based diet. Notably, plants commonly consume by humans also have been 
noted to be severely lacking in Methionine [99]. 
Taken together, protein profile (composition and proportion of specific AA) can vary 
depending on whether the host consume more animal produce or plant produce. 
Increased protein intake have been noted to alter the ratio of Bacteroides (which is high 
in animal-based diet) and Prevotella (which is high in plant-based diet) [51]. 
Interestingly, human gut microbiota community can be dominated by either Bacteroides 
(enterotype-1) or Prevotella (enterotype-2) [24]. The prevalence of these enterotypes 
has been reported to differ by ethnogeography [11], mainly between rural and urban 
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populations [12,13]. The association between enterotypes and geography has been 
generally presumed to be associated with differences in carbohydrate profile between 
the populations, due to enrichment of Prevotella in rural populations. However, the 
enterotype-1 (Bacteroides-enriched) has been found linked to long-term diet containing 
animal produce [24]. World agriculture reports and research in western diet have noted 
that most urban populations (typically industrial societies in ‘western’ countries) were 
marked with increased human consumption of animal produce, whereas pre-industrial 
and newly-industrial societies in developing countries prefer plant-based protein 
sources such as legumes [100,101]. The extent to which the differences between pre-
industrial and industrial diet impact the SCFA profile in the gut (and its physiological 
consequences) is not yet clear; but these studies provide compelling evidence that 
variations in protein profile and established lifestyle (e.g. culture) may compel the 
microbiota of people in pre-industrial and industrial populations to partake in different 
community assembly strategies. 
1.3.2.2. Other microbial metabolite products 
Other notable microbial metabolite products that can impact the development of obesity 
in the host are metabolites of amino acids and bile acids, all of which are potentially 
modulated by host intake of protein and fat. The following is a brief summary of known 
mechanistic links between AA and bile acid metabolites on the microbiota that links to 
obesity and its comorbid conditions. 
1.3.2.2.1. Amino acids and its metabolites 
A common dietary strategy for weight loss is to restrict carbohydrate intake, thus 
increasing the ratio of protein (and fat) in the diet. Higher protein ratio in diet has long 
been associated with higher satiety (known as the protein-leverage hypothesis) [102]. 
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However, long-term exposure to a high-protein/low-carbohydrate is known to be 
detrimental for increasing the risk of developing cardio-metabolic health and cancer 
[103–105]. One theory is that metabolism of AA by the gut microbiota produces toxic 
compounds (e.g. ammonia, N-nitroso compounds [NOC], phenolic and indolic 
compounds); but this notion must be considered with caution due to unclear 
epidemiological evidence. More recently, Solon-biet et al. (2014) reported that mice 
consumption of high-protein-low-carbohydrate intake is associated with higher levels 
of circulating BCAA; which is key signals in insulin release and activation of pro-aging 
mammalian target of rapamycin (mTOR) [103]. The high-protein-low-carbohydrate fed 
mice exhibited higher levels of low density lipoprotein (LDL), lower high density 
lipoprotein (HDL), and impaired glucose tolerance. Therefore, the impact of high protein 
intake on host physiology is likely acting in conjunction with low carbohydrate intake.  
Many gut microbes can utilise AA as carbon and energy source. Common products of 
AA fermentation by gut bacteria includes: SCFA, BCFA, ammonia, amines, phenols 
and indolic compounds (from aromatic AA Try, Phe, Trp), and gases such as CO2, H2, 
and H2S (from sulphur AA Met and Cys). The importance of SCFA and BCFA in obesity 
development have been discussed above. Some of the other metabolites, such as 
ammonia and N-nitroso compounds (NOC), have been implicated in the development 
of colorectal cancer [106]; although the epidemiological evidence is still moderately 
consistent. it was suggested that the preparation of protein (e.g. meat) while cooking 
alter the risk factor. 
In the human large intestine, notable bacteria that have protein catabolism capacity is 
Bacteroides and related genera [106,107]. Other gut microbes with higher aptitude for 
protein metabolism include members of the following families: Fusobacteriaceae 
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(Fusobacterium), Enterobacteriacae (Escherichia, Klebsiella), Streptococcaceae 
(Streptococcus), Clostridiaceae (C. bifermentans, C. difficile, C. sporogenes), and 
Veillonellaceae (Megasphaera, Veillonella). 
In a mice study by Ridaura et al. (2013), Bacteroides spp. isolated from lean humans 
is associated with protection against diet-induced weight gain and meta-transcriptomic 
profile with higher BCAA degradation capacity [107]. Although this effect is diet 
dependent, being only observed in mice fed with diet high-fibre/low-fat diet, and not in 
mice fed with low-fibre/high-fat diet. This data supported the importance of 
macronutrient composition in diet-induced obesity. 
Some gut microbes are also known to be the driver of AA synthesis in the gut. 
Abundance of Prevotella copri and Bacteroides vulgatus in human has been associated 
with metabolic pathway that synthesis BCAA and is positively correlated insulin 
resistance phenotype irrespective to obesity [108]. Two weeks of HFD and oral gavage 
of P. copri to C57BL/6J male mice resulted in increased plasma BCAA; aggravated 
glucose intolerance; and reduced insulin sensitivity. But the effect was abolished in 
mice fed with high fibre and low fat diet. 
All of the above suggest that, amino-acid modulated host-microbe interaction seemed 
to be dependent on the ratio of macronutrient composition in the host’s diet. Thus, some 
characteristic differences in the gut microbiota community (with varying physiological 
outcomes in the host) between human populations can be expected. Particularly, if the 
populations differ in diet profile, such as the consumption ratio of animal- and plant-
based protein sources between pre-industrial and industrial society [100,109]. 
- 23 - 
 
1.3.2.2.2. Bile Acid alters microbiota community 
Bile acid is the product of cholesterol metabolism in the liver, which is secreted by the 
gall bladder to facilitate dietary fat digestion. The importance of the gut microbiota for 
the metabolism of bile acid in the intestine was demonstrated in a GF rat study by 
Swann et al., who showed that an absence of microbiota was associated with 
differences in gene expression patterns; and these genes were most involved in the 
synthesis of sterol, cholesterol, and bile acid in the liver [110]. 
The mechanisms underlying the interaction between diet, gut microbiota conversion of 
bile-acid, and obesity have yet to be elucidated. Nonetheless, there is compelling 
evidence that high-fat diet can impact the gut microbial community via bile-acid 
metabolism axes. Mainly, because bile acids have antimicrobial properties, with varying 
potential depending on the type of the acids [111]. Thus, certain bile acid profile may 
select for different microbes in the gut. It is generally presumed that in the case of 
obesity, high-fat diet increase bile acid secretion, resulting in a gut community that is 
dominated by bile-resistant bacteria such as gram-negative Gamma- and Delta-
proteobacteria, and therefore increasing the release of LPS levels which leads to 
chronic low-grade inflammation and loss of gut barrier function. 
Bile acid metabolites in the colon can activate a series of nuclear receptors and 
membrane receptors [110,112,113]. The Farsenoid X Receptor (FXR), Pregnane X 
Receptor (PXR), and Vitamin D Receptor (VDR), and the G Protein-Coupled Receptors 
(GPCR) receptor family are a few examples of these receptors. Activation of these 
receptors are reportedly capable of modulating bile homeostasis, lipid metabolism, 
glucose homeostasis, and inflammatory regulation [114,115]. Notably, some single 
nucleotide polymorphisms (SNPs) in these receptors have been linked to detrimental 
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metabolic phenotypes such as hepatic cholestasis (for FXR [116]) and adiposity (for 
VDR [117]). Therefore, the impact of microbial metabolism of bile acid on host 
physiology is dependent on the host’s dietary intake and genetic background. 
Interestingly, common genetic variants in these genes were reported to be ethnic-
specific. For instance, FXR SNPs profiles are different between Chinese, Hispanic, 
African, and European Americans [118]. DNA methylation profile in the VDR gene was 
also associated with ethnicity [119]. Therefore, physiological outcomes of microbial 
metabolism of bile acid may differ in people with different ethnogeography origins. 
 
In summary, microbial production of metabolite products and the structure of the gut 
microbiota community (which affect MAMPs profile) are at the centre of the mechanistic 
links between diet with obesity. Importantly, human populations that differ in terms of 
diet profile (e.g. pre-industrial and industrial societies) or ethnogeography (which confer 
with common genetic allele that impact disease predispositions) may exhibit variable 
physiological outcomes from through different diet-microbiota interaction. 
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1.4. The gut microbiota as a driver of obesity prevalence in 
a population  
The key for effective public health intervention strategies is identifying risk factors that 
are applicable to the target population. In the previous sections, the impact of variations 
in host characteristics (e.g. diet and genetics) on the gut microbiota community have 
been discussed. Moreover, diet and genetics could be inherently associated with the 
character of a particular human population (e.g. lifestyle, ethnography). Thus, the 
cultural and ethnography properties of the target population must be considered in 
attempts to identify biomarkers in the gut microbiota, especially for markers associated 
with lifestyle-related disorders such as obesity.  
Patterns in the microbiota that are consistent within and across ethnogeographically 
distinct populations has not been elucidated. But there are strong links between a 
person’s diet and genotype with the culture and ancestral (ethnic) origin of the person. 
In this section, the impact of lifestyle (particularly the impact of industrialised food 
supply) and ethnogeography variations among human populations on the gut 
microbiota and its association to obesity will be briefly reviewed. 
1.4.1. Individual lifestyle is linked to culture and obesity 
Diet pattern of a human population is inherent to both culture and geography. For 
instance, people in pre-industrial, newly-industrial, and industrial societies practice 
different culture to provide food for themselves (also known as subsistence strategy). 
Industrialisation change both the types of food accessible to the community (e.g. 
Genetically improved produce, fortified food, snacks, and imported goods) and also the 
means to acquire them (e.g. grocery shops and eateries versus subsistent horticulture 
and foraging). Other cultural elements may also impact diet patters, such as religious 
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covenant (e.g. some Hindus avoid cattle, some Muslims avoid pork, and some 
Buddhists are vegetarians). Geography is also a strong factor that shape the diet 
pattern of a population, such as differences in of crops distribution in the Mediterranean, 
tropical, and sub-tropical countries. The consequence of this is that the style of 
industrial agriculture is often geographically-bound. Hence, people in the Asian 
continent have easier access to rice, whereas western Europeans consumed more 
wheat and potato. All of these potentially alter the composition, the size, and the interval 
between meals in different human societies. 
In Section 1.3, the association between the different diet patterns across human 
populations with some of the mechanistic links between the gut microbiota and obesity 
have been discussed. All of these suggest that we can expect that some variations in 
the gut microbiota which is related to diet-induced obesity that coincide with lifestyle 
patterns. 
1.4.2. Individual genetics is linked to ethnogeography and obesity 
While the culture of a population strongly influences individual lifestyles (e.g. long-term 
dietary pattern); ancestry/ethnicity underlies common genetic polymorphisms shared 
by many individuals in a population. Common genetic variants in human populations is 
linked to geography through pre-historic human migrations. 
Predisposition to obesity is associated with the genetic background of a person. There 
is evidence that obesity is hereditary from monozygotic and dizygotic twin studies 
[120,121]. However, the extent of the influence of the genotypic profile of a person in 
obesity development is not clear, and likely difficult to quantify since most common form 
of obesity is polygenic (disease predisposition is dependent on multiple mutations 
instead of one). 
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Yet, differences in obesity predisposition between human ethnicity have been reported. 
A classic example for this is that people of Mongoloid ancestry (e.g. Asians) have 
higher capacity to store fat and higher risk to metabolic diseases given the same Body 
Mass Index (BMI) level compared to people with Caucasoid ancestry (e.g. European 
descendants) [122]. A recent meta-analysis of genome-wide association study in 
obesity reported that different human populations, particularly those with Asian, 
European, and African origins, have different profile of risk-allele frequencies [123]. 
This data suggests that ethnogeography (biological variations between individuals 
based on ethnicity and geography) in human genetics may bear some influence to the 
differences in genetic predisposition between individuals. 
One way to observe for ethnogeography patterns is by assigning individuals to 
haplogroups, as was usually done by population geneticists to observe for population 
stratification effect across human populations. A haplotype is a group of single 
nucleotide polymorphisms (SNPs). A group of haplotypes which shared a common 
ancestor (in their evolutionary history) is known as haplogroups. By building a database 
of mtDNA haplotypes, and associating it with geographical data of the population, it is 
possible to track a haplogroup’s geographical migratory history. One of the well-
documented population genetic markers is mitochondrial DNA (mtDNA), which tracks 
maternal lineage (Figure 1.3). 
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 Figure 1.3. Pre-historic human migration events based on mtDNA haplogroups. Mitochondrial DNA (mtDNA) acquires mutations over time which have 
subdivided human populations into various discrete haplogroups. The first major haplogroups M 
and N arose 65,000 to 70,000 YBP from Africa. As the migration continued, haplogroup N gave 
rise to the first Eurasia populations 51,000 to 39,000 YBP, leading to the formation of haplogroup 
R and N1 that predates current European haplogroups H, J, T, U, Uk, and V (from R), and 
haplogroups I, W, and X (from N1). The haplogroup M lineages followed the Indian shores 
towards Asia and eventually become the first settlements in South East Asia, Australia at 48,000 
YBP and Americas at 20,000 YBP. Reprinted from “The dynamics of mitochondrial DNA 
heteroplasmy: implications for human health and disease” by J. B. Stewart and P. F. Chinnery, 
2015, Nature Reviews Genetics, 16, p. 530-542. Copyright (2015) Macmillan Publishers 
Limited.[124] 
 
Since mitochondria are the centre of energy generation in mammalian cells, mutations 
in the functional and control regions of human mtDNA have been implicated in obesity, 
degenerative diseases, and some types of cancers [124]. Haplogroup T was identified 
as an obesity risk factor in Austrian juveniles [125] and Southern Italians [126]; whereas 
haplogroup N9a was associated with resistance against metabolic disease in Japanese 
women [127] and Type-2 Diabetes in Japanese and Korean individuals [128]. 
Structural variations in human microbiota have been associated with mtDNA SNPs and 
haplogroups by Ma et al. (2014) who used dataset from the Human Microbiota Project 
dataset [10]. Of the 15 mtDNA haplogroups identified across 89 USA subjects, some 
displayed significant association with a particular type of vaginal and faecal microbiota. 
Of interest, the faecal microbiota of individuals with European haplogroups I, W, and X 
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have high Prevotella/Bacteroides ratio. The ratio was reversed in individuals with Asian 
haplogroups B and F. Although no strong patterns with disease was found, this study 
provided a compelling link between ethnic differences and the structure of gut 
microbiota community. 
In summary, we can conclude that: 1) mtDNA is associated with ethnogeography; 2) 
differences in obesity predisposition are associated with ethnic background; 3) mtDNA 
mutations and haplogroups are associated with metabolism and metabolic disease in 
individuals; and 4) mtDNA haplogroups are associated with the structure of human gut 
microbiota. Furthermore, it is likely that a link likely exists between all four. 
Understanding variations in mtDNA may elucidate some patterns associated with 
individual variations of the gut microbiota. 
1.4.3. Linking lifestyle and ethnogeography with the gut 
microbiota and obesity 
As discussed in the previous sections, a person’s lifestyle and genetic predisposition is 
linked with the cultural and ethnogeography background of the person. Lifestyle, 
genetic disposition, and gut microbiota are the tri-factor that impact the health of the 
person. Variations in the three factors potentially alter the person’s predisposition to 
obesity. Therefore, the differences in culture and ancestral (ethnic) origins across 
human populations may coincide with some patterns in the gut microbiota that relates 
to obesity. Figure 1.4 depicts conceptual parallels in the role of lifestyle, genetic, and 
the gut microbiota in obesity development at individual and population level. Identifying 
patterns in the gut microbiota with strong linkage to lifestyle and ethnogeography 
background of a population is perhaps the key for a more effective and targeted 
intervention strategy to counter obesity epidemic in a population. 
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 Figure 1.4. The role of the gut microbiota as a driver of individual and population health. The top panel showed that 
individual health is modulated by the interaction of a person’s lifestyle 
(e.g. diet preferences), genetic background, and the microbiota. The 
bottom panel showed that factors which are important for individual 
health are linked to some ethnogeography characteristics of a 
population, namely culture and ancestral origins (e.g. ethnicity).  
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CHAPTER 2 
Obesity-associated faecal microbiota patterns  
in Balinese individuals – a pilot study in an 
ethnogeographically homogeneous population 
 
2.1. Introduction 
Much interest has been directed towards the gut microbiota as a source of biomarkers 
of obesity for improving personal and public health. However, the multifactorial nature 
of obesity is a major constrain for the approaches that can be taken. Diet, genetics, and 
the gut microbiota are interconnected and contribute to obesity progression in an 
individual. Furthermore, the relative importance of these different factors may vary 
between populations. 
As discussed in the previous chapter, heterogeneity in human populations can 
complicate microbiota study to identify obesity marker. Animal model studies have 
supported the interplay of host factors with microbiota and diet in obesity [29,30,129]. 
A few case-controlled longitudinal intervention studies have also found potential 
signatures of obesity in the gut human microbiota [3,8]. However, identifying consistent 
patterns (or predictable change) in cross-sectional human studies and meta-analyses 
have been difficult. The difficulties in detecting strong markers in large-scale studies 
may be the product of  great individual variations in the microbiota, which overwhelmed 
disease-associated patterns [6,7,38,47]. As previously discussed in Chapter 1, 
variations in the gut microbiota has been linked to differences in diet and genetics, 
which can impact host-gut microbiota interaction and association with obesity 
development [8–10,24,30,31]. Therefore, population-level analysis of the microbiota to 
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detect biomarkers may suffer from individual variations due to diversity in human 
populations in terms lifestyle (e.g. diet), culture, and ethnic background (all of which are 
linked to development of obesity).  
My hypothesis is that obesity-associated patterns in the gut microbiota will be more 
easily discernible if the studied population are defined in terms lifestyle and/or genetics. 
Because, in microbiota studies where obesity signatures have been reported, host 
variations had been restricted whether by deliberation (e.g. restricted diet) or by 
circumstance (e.g. small sample size) - such as in the weight loss study by Ley et al. 
in 2006 [3]. I propose that an alternative approach is to conduct a cross-sectional study 
in a population with relatively homogeneous culture and ethnicity. 
In this chapter, a cross-sectional study to characterise the gut microbiota of obese and 
lean Balinese was performed. The aim was to identify obesity patterns in the gut 
microbiota of the Balinese. To analyse the microbiota diversity and community 
composition, the variable region 4 (V4) of the 16S rRNA gene was sequenced from 
faecal DNA using Illumina MiSeq technology. Furthermore, to better understand the 
interaction between diet, host, and the gut microbiota in a non-experimental setting, 
variations in the subject’s diet and genetic were assessed using Food Frequency 
Questionnaire (FFQ) and mtDNA haplotyping. The patterns identified in FFQ and 
mtDNA haplotypes were tested for associations with obesity and the microbiota. 
Importantly, this study was also designed as a pilot for a larger-scale population wide 
survey. Thus, the effectiveness of the study methodology to identify patterns in the gut 
microbiota, diet, and genetic background will be assessed to provide recommendations 
for future studies.  
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2.2. Materials and Methods 
 
2.2.1. Overall Study Design 
A cross-sectional study design was implemented to observe the microbiota profile of 
Balinese individuals (Figure 2.1). Subjects that passed ancestry screening were 
stratified into three groups based on their BMI. The groups were compared for 
differences in their gut microbiota community using high-throughput sequencing 
(Illumina MiSeq) of 16S rRNA gene region V4 of faecal samples. The faecal microbiota 
community profile was tested for associations with diet patterns, biometrics, and 
mtDNA genetics (by haplotyping). 
 Figure 2.1. Study design. Subject’s Balinese ancestry was determined with 3-tier 
genealogy questionnaire. BMI stratification was based on international standard of obesity by 
WHO [122]. Participants’ diet patterns were assessed using food frequency questionnaire. 
Anthropometric measurements include waist/hip circumferences, height, weight, and calliper 
measurement of skin fold at bicep, tricep, suprailiac, and subscapula. Plasma glucose and 
triglyceride were measured immediately post 8 – 10 hour fasting period. Participants’ 
mitochondrial DNA (mtDNA) haplotype was determined based on variations documented in 
PhyloTree database [130] 
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Ethical permission for this study was granted by the Udayana University Faculty of 
Medicine and Sanglah Hospital Ethic Commission in Denpasar, Bali, Indonesia (No. 
1286/UN.14.2/Litbang/2014 at 18 September 2014). The permit was endorsed by the 
Eijkman Institute Research Ethics Commission (No. 80 at 24 December 2014). 
2.2.2. Inclusion and Exclusion Criteria 
Participants were recruited in January 2015 in Denpasar, Bali, Indonesia (Figure 2.2) 
in collaboration with the Department of Clinical Nutrition, Faculty of Medicine, Udayana 
University, Indonesia. Inclusion criteria included:  adult women (age 18 – 60) of 
Balinese ancestry who have lived in Bali for at least 12 months prior to sample 
collection. Exclusion criteria included: participants who failed to give faecal samples, 
who were pregnant and breastfeeding at the time of sample collection; had undergone 
surgery within the previous 3 months; had taken antibiotics within the previous 3 
months; had taken laxative within the previous 3 days, or were suffering from diarrhoea, 
tuberculosis, pneumonia, malaria, dengue fever, and typhoid fever during sample 
collection. 
Only subjects that are ethnically Balinese were included in the downstream analyses 
in this study. Thus, this study includes a total of 36 subjects (26 lean, 5 pre-obese, 5 
obese). Initially, 47 individuals were enrolled in the study. However, only 41 participants 
submitted a faecal specimen. Of the 41 individuals, 5 individuals were excluded for 
having non-Balinese ancestry (1 Javanese, 1 Batak, 1 Chinese, and 2 mixed Balinese-
Javanese. In the interest of analyses performed in Chapter 4, sequence data was still 
acquired for the non-Balinese subjects, but the final analyses in this chapter include 
only the 36 Balinese individuals. 
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 Figure 2.2. Sampling location. a,b: the location of Bali in South East Asia. The Bali Island is 
located at the west side of the hypothetical Wallace line; its ethnic origin in the area was marked with 
ancestors from Taiwan aborigine (the Austronesian expansion, ± 2000 BC) and India (Indic kingdoms 
expansion, ± 300 AD) [131]. c: the location of Denpasar City, where the samples were collected. 
 
2.2.3. Faecal Sample Collection and Storage 
Participants delivered a morning faecal sample to the collection post in Udayana 
University within 3 hours of defecation, where which it was stored at -20 oC for 8 to 48 
hours. Samples were kept frozen with gels packs while being transported to Eijkman 
Institute for Molecular Biology in Jakarta, Indonesia, for DNA extraction and long-term 
storage in -80 oC freezer. 
2.2.4. Biometric measurements  
Anthropometric profile and peripheral blood measurement of fasting glucose and 
triglyceride were collected for all 47 enrolled participants. Participants fasted for 8 to 10 
hours before 3 ml of their peripheral blood was collected by venipuncture by trained 
technicians. The blood samples were stored at 4 oC for 8 to 24 hours before being 
measured for plasma glucose (FPG) and plasma triglyceride (TGL). The blood tests 
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were performed by Prodia Clinical Laboratories (P.T. Prodia Widyahusada, Indonesia) 
in Denpasar. FPG was measured using the standard hexokinase method, while TGL 
was determined using standard spectrophotometric procedures. The following 
anthropometric measurements were collected: body height, body weight, waist 
circumference (WC), hip circumference (HC), waist-to-hip ratio (WH ratio), mid-upper 
arm circumference (MUAC), and manual calliper skin-fold (SF) measurements at bicep, 
tricep, subscapula, and suprailiac. BMI was calculated as kilogram body weight per 
square centimetre of body height. International WHO standard cut-off values were used 
to determine obesity (based on BMI) and central obesity (based on WC and WH ratio)3. 
Subjects’ obesity status was assigned based on their BMI (lean < 25 kg/m2; pre-obese 
≥ 25 kg/m2; obese ≥ 30 kg/m2). Subjects with central obesity were defined as those 
having waist circumference larger than 88 cm or Waist to Hip Ratio (WH ratio) equal to 
or more than 0.85. The biometric data was used to calculate overall body fat percentage 
(%BF), Lipid Accumulation Product (LAP), and Conicity Index (C Index). LAP and C 
index have been claimed as more reliable predictor of cardiovascular diseases, 
diabetes, and metabolic syndrome than BMI  [132,133]. Thus, these indexes were 
calculated along with BMI to support determination of obese samples along with BMI. 
  
                                                
3 In this study we used the international standard approach to define obesity using BMI. It should be 
noted that for persons with Asian ethnic background, the relationship between BMI, body adiposity, and 
health are different compared to Caucasians. A person with Asian origin typically have higher adiposity 
and elevated health risk at lower BMI than Caucasians [122]. Since this study is not meant to design a 
public health action, the international standard is retained. To address the subjects with elevated health 
risk (BMI > 25 and < 30), an intermediate “pre-obese” category was assigned instead. Another reason 
for using the standard cut-off values is to allow for easier comparison between this study and other 
literature pertaining gut microbiome and obesity (which also used the international standard).  
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% BF calculation followed the formula for Asian women by Davidson [134]:  
%	ܤܨ ൌ 21.430 log ܵܵܨ ൅ 
0.036	ܣ݃݁ ൅	 
0.241	ܹ݄݁݅݃ݐ െ 
0.149	ܪ݄݁݅݃ݐ ൅ 
0.067	ܹܥ െ 
7.525 
LAP was obtained by the formula proposed by Kahn for women [132]: 
ܮܣܲ ൌ ሺܹܥ	ሺܿ݉ሻ െ 58ሻ ൈ ܶܩܮ	ሺ݉݉݋݈/ܮሻ 
 
C Index calculation followed the formula by Valdez [135]: 
ܥ	݅݊݀݁ݔ ൌ 	 ܹܥ	ሺܿ݉ሻ
0.109	 ൈ ටܹ݄݁݅݃ݐሺ݇݃ሻܪ݄݁݅݃ݐሺ݉ሻ
 
 
2.2.5. Dietary Pattern 
Dietary information was collected from all subjects using food frequency questionnaires 
(FFQ). Subjects reported the number of servings of a certain food items (e.g. white rice) 
consumed within a day, a week, or a month. A set of commonly consumed food items 
was provided in the questionnaire, but subjects were enabled to add items not available 
in the list. The items were further grouped in to the following categories: grains, tubers, 
confectionaries, legumes, vegetables, fruits, drinks, dairy, eggs, meats, offal, fish, fast 
(ready-made) food, and supplements (including probiotics). 
To complete the questionnaire, subjects first determined whether each food item was 
primarily consumed daily, weekly, or monthly before reporting the intake frequency of 
each item. Cumulative food consumption frequency by individuals was estimated for 
30 days (1 month) period with the following formula: 
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Cumulative frequency = (30 x Nd) = (4 x Nw) = (1 x Nm) 
where Nd, Nw, and Nm are the intake frequency of a certain food item within a daily, 
weekly, and monthly period, respectively. 
The FFQ used in this study described in detail the consumption frequency of each food 
items, but due to time and technical limitations, serving size was not estimated; thus, 
this study does not report nutritional intake at the level of net macronutrient 
consumption (e.g. amount of energy derived from carbohydrate, protein, and fat). 
2.2.6. Mitochondrial DNA Haplotyping 
MtDNA haplotyping was performed to test for association between a subject’s gut 
microbiota profile, obesity and genetic background. In contrast to Genome-Wide 
Association Study (GWAS), stratifying subjects by their mtDNA is a faster, simpler, and 
less expensive alternative to infer information regarding the subject’s ethnogeography 
background and ancestry. Of note, polymorphisms in the mtDNA have been commonly 
used in population genetic studies to track human migrations across time and space. 
As such, it was possible to confirm subjects’ South East Asian genetic background by 
determining their mtDNA haplotypes. 
MtDNA was obtained by DNA extraction from 2 ml peripheral blood samples using a 
modified salting-out method [136–138]. MtDNA haplotype was determined using single 
nucleotide polymorphisms (SNP) profile of the mitochondrial hypervariable region I and 
II (HVR I and HVR II). The SNPs were identified by DNA sequencing using the Sanger 
sequencing method. Details of the haplotyping procedure are depicted in Figure 2.3. 
Polymerase Chain Reaction of mtDNA HVR I and HVR II was done using the 
KAPATaqTM Extra HotStart DNA PCR Kit (Item #KK3505, KAPABiosystems). Cycle 
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Sequencing was performed using Big Dye terminator v3.1 solution (Item #4337455, 
Life Technologies). All primers for PCR and sequencing are summarised in Figure 2.3 
and Table 2.1. PCR and Cycle Sequencing components and conditions are described 
in the Appendix 1.1. The sequences of HVR I and HVR II were then aligned with revised 
Cambridge Reference Sequence (rCRS, GeneBank NC_012920); uploaded to 
MITOMASTER software; the assigned lineages were analysed for robustness with 
HAPLOGREP version 2, which were based on PHYLOTREE mtDNA built version 17 
[130]. 
 Figure 2.3. Segments of Mitochondrial DNA Hypervariable Region I and II 
sequenced in the study. MtDNA HVR I and HVRII was first amplified with PCR using L15904 and 
H649 primers, which produced 1.3 kb amplicons. The PCR product was then used as template for 
sequencing of HVR I and HVR II (Sanger method). If no homopolymeric cytosine (poly-C) tract is present 
in either variable regions, the sequencing was done only once using the light-chain primers L15971 and 
L15 for HVR I and HVR II, respectively. If poly-C is present, then the end segment of HVRs were 
sequenced using heavy chain primers H61 (for HVR I) and H484 (for HVR II). 
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Table 2.1. Oligonucleotide primers used in MtDNA haplotyping. 
Procedure Primer Name Sequence (5’-3’) 
Aligned 
Amplicon
PCR L15904 CTA ATA CAC CAG TCT TGT AAA CCG GAG ± 1.3 kbp H649 TTT GTT TAT GGG GTG ATG TGA 
HVR I 
Sequencing 
L15971 TTA ACT CCA CCA TTA GCA CC ± 600 bp H61 AAA ATA CCA AAT GCA TGG AG 
HVR II 
Sequencing 
L15 CAC CCT ATT AAC CAC TCA CG ± 460 H484 TGA GAT TAG TAG TAT GGG AGT 
 
 
2.2.7. Faecal DNA Extraction 
Metagenomics DNA from the faecal samples of all 41 subjects (the 36 ethnic Balinese 
and additional non-Balinese) was extracted using the PowerSoil® DNA Isolation Kit 
(MOBIO Laboratories Inc., USA). The extraction was performed according to the 
manufacturer’s protocol using the Vortex Genie II (MOBIO Laboratories Inc., USA) as 
the homogenizer. 
DNA concentration and purity were measured using NanoDrop® Spectrophotometer 
(Thermo Fisher Scientific) and/or the Qubit dsDNA High Sensitivity Assay Kit (Thermo 
Fisher Scientific, Item # Q32854) according to the manufacturer’s protocol. Extraction 
was repeated for DNA extracts that did not score between 1.8 and 2.0 against protein 
contaminants (260/280 wavelength measurement) on the NanoDrop. 
Genome integrity was visualised using Agarose Gel Electrophoresis. Approximately 50 
ng of faecal DNA extracts were loaded into 1% agarose gel prepared by heating 1 g 
agarose (Bioline, UK, Item #BIO-41025) in 100 ml 0.5X Tris Borate EDTA (TBE) buffer 
(diluted from 10X TBE buffer by AppliChem GmBH, Germany, Item #A3945). The 
electrophoresis was run in 0.5X TBE buffer at 100 volts for 30 minutes. The gel was 
photographed using the BioRad ChemiDoc Imaging System. 
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2.2.8. Illumina MiSeq Sequencing 
Sequences of the 16S rRNA gene variable region 4 (V4) were generated from the 
faecal metagenomics DNA extracted previously using the Illumina MiSeq paired-end 
sequencing technology. The sequencing was done by Ramaciotti Centre for Genomics 
at the University of New South Wales, Australia, following the sequencing protocol of 
Earth Microbiome Project [139]. Five general steps of Illumina paired-end sequencing 
are detailed in Figure 2.4. Prior to being delivered to Ramaciotti Centre, faecal DNA 
extracts were diluted in ddH2O to 15 – 20 ng/μl concentration (measured by the Qubit 
High Sensitivity Assay Kit). Samples with less than 10 ng/μl DNA were used without 
dilution. Diluted samples were delivered on ice. The primers used in this sequencing 
was designed as previously described by Caporaso et al. based on Bacteria/Archaea 
universal primers 515F/806R [140] (a short summary in Table 2.2). 
Table 2.2. Oligonucleotide primers used for 16S rRNA gene V4 paired end sequencing on the Illumina platform. 
Primers Oligonucleotide sequence
Forward primer 
Contains (“-“ separated): 
1. 5' Illumina adapter 
2. Forward primer pad 
3. Forward primer linker 4. Forward primer 515F** 
AATGATACGGCGACCACCGAGATCTACAC-
TATGGTAATT-GT-GTGCCAGCMGCCGCGGTAA 
Reverse Primer 
Contains (“-“ separated): 
1. Reverse complement of  
3' Illumina adapter 
2. Golay barcode (12 digits)* 
3. Reverse primer pad 
4. Reverse primer linker 5. Reverse primer 806R** 
CAAGCAGAAGACGGCATACGAGAT-
TCCCTTGTCTCC-AGTCAGTCAG-CC-
GGACTACHVGGGTWTCTAAT 
*, Only 1 version of the Golay barcode (underlined) is shown. **, Regions of the primers that anneals with 
V4 region of the V4 region of the 16S rRNA gene is in bolded texts. 
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 Figure 2.4. Illumina MiSeq paired-end sequencing steps [141].  Step A to D was 
carried out by the Ramaciotti Center of Genomics, whereas Step E was done in silico by this 
author. Hypothetical sequences and barcodes shown. 
 
 
After the sequencing, paired-end sequences were downloaded from BaseSpace® (see 
URL https://accounts.illumina.com) and merged in silico using the fastq-join tool [142]. 
Parameters used were: minimum overlap (-m) of 8 bp and maximum difference 
percentage (-p) of 10 %. These parameters were chosen to match with other datasets, 
which would be analysed in Chapter 4. 
2.2.9. Identifying Operational Taxonomic Units  
Operational Taxonomic Units (OTUs) were picked for all 41 subjects by clustering the 
16S rRNA gene V4 sequences at 97% similarity using the Open Reference OTU 
Picking Strategy. It was performed with Quantitative Insights Into Microbial Ecology 
(QIIME) version 1.9.1 64-bit [143]. Prior to OTU picking, several sequence pre-
processing steps were implemented, which include removal of low-quality and chimera 
sequences. This workflow also involved assigning taxonomy to the OTUs (see below); 
and aligning representative sequences of each OTU to construct a phylogenetic tree. 
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2.2.9.1. Sequence Pre-Processing 
The sequence pre-processing step began with labelling the merged sequencing reads 
with Sample ID; followed by combining the sequences from all samples into a single 
file; filtering out low-quality sequences; and removing chimera sequences. 
Two quality filtering steps were done for the sequences. The first was done in QIIME 
and in conjunction with the sequence labelling with split_library_fastq.py. The script 
did two consecutive actions: (1) sequences were truncated when there was three 
consecutive low quality base call (Q score ≤ 19); and (2) sequences were discarded 
when its number of uninterrupted high quality base call was less than 75% of its length 
after truncation. The second quality score was done using mothur version 1.36.1  [144].  
The FASTQ file generated previously in QIIME was imported into mothur using the 
fastq.info command, which created a FASTA and a QUAL file. The sequences 
(FASTA file) were filtered according to: their quality score (QUAL file), presence of 
ambiguous nucleotide (N instead of ATGC), and length. The command used to process 
this was fastq.trim, which did the following steps: (1) performed a sliding window 
quality checking so that a sequence was truncated when its average Q score within a 
50 bp window fell below 20; (2) discard sequences with ambiguous characters and 
homopolymeric tract greater than 6 consecutive nucleotides. Finally, sequences with 
less than 230 bp and longer than 255 bp in length were removed (maximum product 
length of paired-end Illumina MiSeq sequencing with 515f/806r primer pairs is 
approximately 250 bp). Thresholds for ambiguous nucleotide, number nucleotide in a 
homopolymer, and length of sequences were determined empirically after assessment 
with summary.seqs in mothur. 
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Following quality checks, chimera sequences were identified in QIIME with 
identify_chimeric_seqs.py employing usearch61 method version 6.1 for de novo and 
reference chimera detection with default parameters [145]. For the usearch61 
reference-based detection, the Silva SSU Ref NR 123 curated dataset [146] were used. 
To ease computing power, the reference sequence was truncated to only the V4 region 
(contains 104,534 non-redundant 16S/18S rRNA gene sequences from Bacteria, 
Eukarya, and Archaea). The list of chimera sequence was used to filter sequences prior 
to use in OTUs picking. 
 
2.2.9.2. Open-reference OTU Picking Strategy 
Picking of OTUs was done at 97% sequence identity in QIIME 
(pick_open_reference_otus.py). An open reference OTU picking strategy was 
implemented using the uclust method with default parameters and Greengenes version 
13.8 as reference [147]. Principally, the uclust method employs a “greedy with a single 
centroid” algorithm that uses 1 sequence as the centroid of each OTU clusters [148]. 
Sequences within the 97% similarity of a centroid were adopted into its cluster.  
For open reference picking, sequences from the reference database were first used as 
centroids (see Figure 2.5, Step 1). Sequences that were not adopted to the reference 
centroids were used to generate de novo new centroids (see Figure 2.5, Step 2-4). 
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 Figure 2.5. Open reference OTU picking strategy. This strategy was previously 
assessed and validated [149]. It was also recommended for its time efficient ability to 
discover novel diversity. 
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The input sequences were pre-sorted by abundance, so high-abundance sequences 
are more likely to be picked first as centroids. QIIME default parameters for uclust were 
used (with reverse strand matching enabled). Using the parameters, any sequence 
encountered to be within the distance threshold will be immediately adopted to the 
cluster with no guarantee of it being the best match. Also, a query is dropped after 8 
failed matching attempts. As a consequence of this, sequences with no match created 
singleton OTUs. 
The singletons were removed in the downstream process. During the OTU picking, 
“reverse strand matching” was enabled. In the end, both the reference and de novo 
clustering produced an OTU map – a list of OTUs and all the sequence which fell within 
the 97% similarity with the centroid.  
The OTU map was used to pick representative sequences (repset) from the input 
sequences, which was used as a base for taxonomic assignment and phylogeny 
construction. An OTU table was generated at the end of this pipeline (converted from 
the OTU map). The table was later filtered for low-abundance OTU prior to further 
analysis (see Section 2.2.11). A summary of the OTU table is available in Appendix 
1.2. 
2.2.10. Taxonomic Assignment and Phylogeny Construction 
Taxonomic information was assigned to the OTUs (using sequences in the repset) 
using the Ribosomal Database Project Naïve Bayesian Classifier [150] and the 
Greengenes reference taxonomy version 13.8 at 80% similarity. This step was done in 
QIIME (assign_taxonomy.py) Taxonomic information in the repset was then added into 
the OTU table using the biom add-metadata command. Additionally, OTUs which did 
not align to the reference were removed from the OTU table. 
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To create a phylogenetic tree, the repset was first aligned using align_seqs.py. The 
phylogenetic tree was constructed with make_phylogeny.py.  Following 
recommendations by [149], the repset alignment was done with PyNAST [151] which 
aligns sequences using the Greengenes version 13.8 reference alignment as template. 
The phylogenetic tree was built with FastTree [152], which output a TRE file. The 
generated tree was later used for Unifrac metrics calculation. 
 
2.2.11. Downstream quality check 
2.2.11.1. Filtering of ‘rare’ OTUs 
An OTU filtering was performed to reduce the presence of ‘noisy’ OTUs in the dataset. 
In this study, ‘noisy’ OTUs were defined as those with low sequence abundance and 
ubiquity in the whole dataset. Abundance is the total number of sequence reads 
assigned to the OTU. Whereas ubiquity is the number of samples that have the OTU. 
For this study, OTUs with abundance < 2 when ubiquity is maximised (n = 41) are 
determined as ‘rare’; which means that any OTUs with < 82 sequence in the dataset 
were removed (these numbers were arbitrarily determined4). This filtering step was 
performed because an OTU table with high fraction of zero values creates a high noise 
that potentially overwhelms presence of stable biomarkers with higher abundance (as 
demonstrated in the case of coral and algae symbionts [153]). In addition, presence of 
low ubiquity OTUs weigh the same as an OTU higher abundance/ubiquity in community 
(beta-) diversity analysis. So a high proportion of them in the OTU table can skew the 
                                                
4 In general, the criteria which determined an OTU as ‘rare’ and thus should be removed from further 
analysis is based on the meaningfulness of the OTU abundance and ubiquity with regards to the aim 
and the scope of the study. Since this is a comparative study, the removal of OTUs with < 82 reads in 
the Bali dataset is arguably acceptable, considering that they represent only 6% of the total sequence 
reads across 41 individuals. Notably, there is a possibility that filtering strategy may have removed some 
OTUs with significant association with obesity. But even if the association is high, the abundance of 
these OTUs is arguably not meaningful; since it could only have 2 reads in every individual if ubiquity 
is maximised (n = 41); or can only have 42 reads 2 out of 36 individuals if ubiquity is minimised (n = 2). 
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analysis (as discussed in previous studies [154,155]). Here, the removal of ‘rare’ OTUs 
resulted in a dramatic decrease in the number of OTUs, but only 6% loss of sequence 
reads (Figure 2.6). The final dataset contains a total of 6,382,471 sequences that 
represents 3,167 OTUs over 41 samples for further analyses. 
 Figure 2.6. OTU and sequence distribution by OTU size. a, Total 
number of observed OTUs (%) categorised by OTU size (count of sequence in an 
OTU). b, Distribution of sequence based on OTU size. The total number of observed 
OTUs were 57,602 over 6,780,692 sequence (minimum, median, maximum, and 
average OTU size were 2, 3, 414804, and 118 sequences, respectively).  Only OTUs 
with more than 82 sequence (purple) were retained in further analysis. 
 
2.2.11.2. Rarefaction to equal sequencing depth per sample 
Following the previous filtering, the OTU table was rarefied. The purpose of rarefaction 
was to ensure equal sampling of OTUs across all samples. Upon inspection of the 
filtered OTU table, sequence coverage per sample ranged between 99,976 to 221,069 
across 41 samples (Figure 2.7.a). The wide range of coverage suggests that the data 
may benefit from rarefication that normalise to equal number of sequence per sample. 
Based on the rarefaction analysis, OTU richness continuously increased when more 
sequence was included in the data (Figure 2.7.b). Since OTU richness does not always 
indicate that the OTUs are also phylogenetically diverse, Faith’s PD metric was 
calculated. According to the Faith’s PD values, which increased along the rarefaction 
analysis (Figure 2.7.c) in similar fashion to the richness curve (Figure 2.7.b), the OTUs 
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in the dataset were phylogenetically distinct. Therefore, to include as many relevant 
OTUs as possible while maintaining equal sequencing depth, the OTU table was 
rarefied to 99,976 reads per sample (which is the minimum across 41 samples, see 
Figure 2.7.a). 
 Figure 2.7. Rarefaction analysis of the Balinese dataset. a, Sequences count by samples 
after filtering of ‘rare’ OTUs. b, real count of OTUs at 97% similarity at multiple sequencing depth.  
c, Faith’s PD measurement at multiple sequencing depth. 
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2.2.12. Non-Balinese sample filtering 
Balinese ethnicity was determined based on subject’s criteria described in Section 
2.2.2. Five lean non-Balinese individuals (BA004, BA006, BA022, BA030, and BA031) 
were removed from further analysis using filter_samples_from_otu_table.py in 
QIIME. In final, a total of 36 samples (encompassing 3,599,136 sequence and 3,167 
OTUs) were obtained. A breakdown of the number of sequence kept and removed 
through these sequence processing steps is summarised in Table 2.3. The filtered and 
rarefied OTU table is in Appendix 1.3. 
Table 2.3. Breakdown of sequence count by filtering step 
  Sequence Count  
Analysis Step n Total Min Max Mean % removedϮ 
Raw unmerged sequence 41 8,526,679 132,538 299,526 207,968 NA 
Merged sequence (fastq-join) 41 7,464,737 121,604 253,714 182,067 12.45% 
Step 1 quality filtered (QIIME) 41 7,357,398 120,725 248,693 179,449 1.44% 
Step 2 quality filtered (Mothur) 41 7,238,304 119,725 243,203 176,544 1.62% 
Chimera removed with usearch61 41 6,952,359 109,530 226,428 169,570 3.95% 
‘Rare’ (< 2n) OTUs removed* 41 6,382,471 99,976 211,069 161,822 8.20% 
Rarefied to 99,976 seqs/sample 41 4,099,016 99,976 99,976 99,976 35.78% 
Non-Balinese subjects removed 36 3,599,136 99,976 99,976 99,976 12.20% 
Note: n is the total number of samples in the data; Ϯ is the percentage of sequence removed from 
the previous step 
  
2.2.13. Comparison of taxonomic abundance between BMI groups 
2.2.13.1. Random partitioning of lean subjects 
Using the taxonomic assignment in 2.10, microbial abundance profiles (at Phylum to 
Species-level) were generated using summarise_taxa.py in QIIME. Our preliminary 
comparisons at the Phylum level have shown that the unequal sample sizes between 
the lean, pre-obese, and obese group are likely to result in a much higher variance in 
the lean cohort than obese and pre-obese. The inequality of variance has hampered 
statistical tests that detect significant microbial patterns in the groups. To address this, 
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3 randomised subsets of the lean dataset were created – each with equal sample size 
to the obese and pre-obese cohort (Table 2.4). These randomised cohorts were 
generated by randomly picking 5 of the lean individuals with replacement (employing 
sample function in R statistic software). We rationalised that with the randomisation, it 
was possible to test the reproducibility of the patterns among lean subjects which could 
then be compared to the obese and pre-obese. 
Table 2.4. Random subsets of lean samples for comparisons with pre-obese and obese subjects. 
Cohorts Lean 1 Lean 2 Lean 3 Pre-obese Obese 
Sample ID BA023 
BA025 BA034 BA012 
BA040 
BA032
BA016 BA027 BA005 
BA012
BA027
BA015 BA013 BA041 
BA008
BA009
BA010 BA026 BA029 
BA037
BA011 
BA017 BA021 BA033 
BA036 
 
 
2.2.13.2. Nested Pie-charts of Ranked Microbial Abundance 
(NePRaMA) 
To compare the community structure and microbial abundance between cohorts, we 
have developed Nested Pie Charts of Ranked Microbial Abundance (NePRaMA).  The 
chart is a data visualisation tool that displays a holistic snapshot of the microbiota profile 
across 5 taxonomic levels (Phylum to Genus) and ranked according to relative 
abundance. Figure 2.8 shows the pipeline to create NePRaMA charts. 
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 Figure 2.8. Visualisation of microbiota profile with NePRaMA. OTU table (with 
taxonomic information) generated in QIIME was split by cohorts (filter_samples_from_otu_table.py 
in QIIME). Then, sequence count per OTU was aggregated by taxonomy (using in house bash script 
get_sequence_count_by_taxonomy.sh, see Appendix 1.4). Using R, the output was summarised at 
each taxonomic level using dplyr and reshape2 packages; then visualised using ggplot2 package (see 
Appendix 1.5 for the R scripts). 
 
 
2.2.13.3. Linear Discriminant Analysis (LDA) Effect Size  
LEfSe [156] was performed on the Genus-level (L6) output table. The L6 table was 
obtained with summarize_taxa.py –L 6 in QIIME. The L6 input file was filtered to contain 
only lean and obese individuals. In total, there were 150 assigned Genera (see 
Appendix 1.6). As recommended by the LEfSe manual, the abundance profile was pre-
normalised (normalised to 1 million counts per sample, which is the default) to 
compensate for low abundance taxa. The analysis was performed by stratifying 
subjects by their obesity level (lean vs. obese). It should be noted that there is a large 
difference in sample size between lean and obese individuals (lean, 36; obese, 5). No 
subclass was included in the analysis. Figure 2.9 shows the analytical pipeline 
performed in LEfSe. An LDA score plot, a cladogram, and differential plots, which 
showed significant biomarkers, were then generated by the LEfSe interface online 
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(https://huttenhower.sph.harvard.edu/ galaxy/root). Biomarkers identified in LEfSe 
were further tested for differences in relative abundance at OTU level with the Kruskal-
Wallis rank sum test. 
 Figure 2.9. Biomarker discovery using Linear Discriminant Analysis Effect 
Size (LEfSe).  a, taxonomic relative abundance was stratified by group of interests named Class 
(e.g. lean, pre-obese, and obese). b, Kruskall-Wallis test was applied to differences in taxonomic 
distribution between the classes (Step 1). c, The result of statistical tests in Step 1 were used to 
build a Linear Discriminant Analysis model which calculate and rank the effect size according to 
the classes with which they differentiate. The final output was a list of discriminative features 
(taxon) with respect to the classes (and consistent with the subclass grouping within classes). The 
significance of discriminative features were measureable by their effect size: features with greater 
effect size indicated that the differences between classes were more meaningful compared to other 
features with lower effect size within the dataset. This figure has been modified from “Metagenomic 
biomarker discovery and explanation” by N. Segata, et al. (2011). Genome Biology 12(6):R60. 
Copyright (2011) BiomMed Central Ltd [156]. 
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2.2.14. Microbial diversity analysis 
Alpha and beta diversity analyses on the Balinese gut microbiota were computed in 
QIIME and graphed using ggplot2 package in R. Alpha diversity measured the 
microbial diversity within a sample, whereas beta diversity measured the distance 
between samples (or groups of samples) based on their OTU abundance profiles. The 
analysis was done using the OTU table generated in Section 2.2.12. (n=36, rarefied to 
99,976 reads/sample). The alpha diversity was calculated using the metrics detailed in 
Table 2.5.  
Table 2.5.  Alpha diversity metrics 
Alpha Diversity Estimators Measures Details Note Formula 
Berger Parker’s 
Dominance Dominance 
Measure the relative 
abundance of the 
most dominant OTU. 
Value range from 0 
to 1, higher means 
the OTU is more 
dominant 
ܰ௠௔௫
ܰ  
Inverse 
Simpson Index 
(1/D) 
Diversity 
A reciprocal value of 
the probability of two 
individual picked 
from the dataset 
belonging to the 
same OTU 
Higher 1/D 
represents higher 
diversity.  
More sensitive to  
OTU abundance 
than Shannon’s H’ 
1
∑݌௜ଶ 
Shannon’s H Diversity 
Quantifies the 
uncertainty of the 
identity of a randomly 
picked individual 
from the dataset. 
Higher H 
represents higher 
diversity. 
෍݌௜	݈݋݃ଶ	݌௜
ܰ, total number of individuals in the sample; ܰ௠௔௫, the number of individuals in the most abundant OTU; ݌௜,the proportion of OTU ݅ in the dataset. It is calculated as ே೔ே೘ೌೣ, where ௜ܰ is the absolute abundance of species ݅. 
 
 
 
Beta diversity was measured using Weighted Unifrac method, which measured the 
hypothetical distance/dissimilarity between subjects based on their microbial 
composition. The phylogenetic tree constructed in Section 2.2.10. was incorporated in 
the weighted Unifrac calculation. To visualise the distance between samples, Principal 
Coordinate Analysis (PCoA) was performed based on the weighted Unifrac matrix in R 
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(capscale function in vegan package version 2.3-5) [157]. Finally, vector regression 
was used to fit taxonomic abundance (at Genus, Family, or Phylum-level) into the PCoA 
ordination, following manuals provided by Kindt and Coe (2005) via function envfit in 
vegan R package [158].   
 
2.2.15. Biostatistics and multivariate analysis 
All statistical tests were done using R version 3.3.0. Extended ordination analysis on 
the microbiota data (constrained ordination and fitting of microbial taxa abundance); 
multivariate tests to investigate association with host phenotypes (ANOSIM, MANOVA, 
PERMANOVA [159]); and Principal Component Analysis (PCA) of FFQ data; were 
performed with the addition of vegan package (version 2.3-5). Other additional 
packages for data wrangling and visualisation include dplyr (version 0.4.3.), reshape2 
(version 1.4.1), and ggplot2 (version 2.1.0). Next, the function envfit in vegan R 
package was used to fit environmental variables (e.g. taxonomic abundance, biometric 
measurements, food frequency) into the PCA ordination by vector regression as 
described by Kindt and Coe (2005) [158]. 
2.2.16. Correlation Network Analysis 
Network analysis was performed to identify microbial co-occurrence patterns in the 
Balinese microbiota. The objective of this analysis is to compare the patterns between 
cohorts (microbiota clusters, BMI groups, and mtDNA haplotypes). The analysis was 
conducted in R, using a script adapted from Williams, et al. [160]. The base R script 
can be found in an online GitHub repository (see url: https://github.com/ryanjw/co-
occurrence). To perform this analysis, R packages vegan (version 2.3-5), bioDist 
(version 1.44.0), and igraph (version 1.0.1) were used. For the adapted script, see 
Appendix 1.6. In brief, the analysis began with identification of significantly correlated 
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microbial taxa. To capture variance of the correlation patterns at different taxonomy 
levels, the analysis was performed with Phylum and Family sequence abundance 
tables (rarefied to 99,976 reads/sample). Pairwise correlations between all taxa were 
tested using Spearman’s Rank correlation Rho (P). In this study, a valid co-occurrence 
event is defined as a correlation which have a p-value of < 0.01 and P > 0.6 or P < -0.6 
(for positive and negative correlation, respectively) [161]. Only correlation events which 
fulfil these criteria were used to build a correlation network using R package igraph. 
 
2.3. Result 
2.3.1. Phenotypic characteristics of study subjects 
To evaluate the phenotypic characteristics of the lean, pre-obese, and obese Balinese 
individuals, anthropometric measurements, FPG, and TGL between the groups were 
compared. Obese individuals (BMI > 30) were associated with obesity-related 
phenotypes (Figure 2.10). These include: higher mid-upper-arm circumference 
(MUAC), waist circumference (WC), total body fat percentage (%BF), lipid 
accumulation product (LAP), and TGL. Correlations between BMI and these biometrics 
were strongly positive (P > 0.6); WC (p-value < 0.001); MUAC (p-value < 0.001); %BF 
(p-value < 0.001); and LAP (p-value < 0.001). There was also a weak correlation of 
BMI with TGL (P = 0.34; p-value = 0.041). Obese individuals were slightly older than 
lean and pre-obese (p-value < 0.05), but the correlation between age and BMI was 
weak (P = 0.32; p-value < 0.05). The difference in age between obese and lean were 
statistically significant, but biologically minimal (Figure 2.10). The average age in the 
obese and lean group was 20.5 and 22.8 years old, respectively. The age range 
between the two groups was also relatively close; the youngest lean individual was 18 
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years old, whereas there was only 1 obese individual who was 27 years old and the 
other 4 obese individuals were under 23 years of age. Therefore, age variations in the 
anthropometry, FPG, TGL, microbiota, mtDNA genetics, or lifestyle is unlikely to be 
meaningful in this study. 
There were no differences in waist-to-hip ratio (WH Ratio), Conicity index (C Index), 
and FPG between lean, pre-obese, and obese groups. However, some weak positive 
correlations were detected between BMI with FPG (P=0.33; p-value < 0.05). Of note, 
two out of five obese individuals (BA011 and BA033) have indications of metabolic 
syndrome (FPG > 100 mg/dl, TGL > 150 mg/dl, and WC > 88 cm) [162].  Neither C 
Index nor WH ratio were correlated with BMI. But C Index and WH ratio were correlated 
with each other (P = 0.68; p-value < 0.001). Interestingly, although both C Index and 
WH ratio are measures of abdominal obesity [135,163], they have different correlation 
relationships with WC. WH ratio was in weak correlation with WC (P = 0.51, p-value < 
0.01), whereas C Index was not. 
Taken together, the BMI was strongly associated with most other obesity-related 
phenotypes, with exception for WH ratio and FPG. In brief, the individuals characterised 
as obese in this study are associated with increased overall adiposity, but not with 
abdominal obesity or type-2 diabetes. 
By Asian standards, the pre-obese individuals (n = 5) in this study can be considered 
as obese based on their BMI. Their phenotypic characteristics, however, was more 
similar to individuals in the lean group (n = 26) than the obese group (n = 5) – which 
was particularly true for WC, TGL, LAP, and FPG profile (Figure 2.10). Thus it was 
decided that the pre-obese group should not be combined with the obese group in 
further analysis, despite both having low number of representative samples. 
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 Figure 2.10. Comparisons of baseline characteristics of study subjects. 
P-values (p) obtained from the Kruskall-Wallis Rank Sum Test. Box whiskers extend to the 
interquartile range. Dots represents individual data points (colored by BMI category: blue, 
lean; orange, pre-obese; red, obese). BMI, body mass index (kg/m2); MUAC, mid-upper-
arm circumference (cm); WC, waist circumference (cm); WH Ratio, waist-to-hip ratio; %BF, 
estimated total body fat based on skinfold measurement [134]; TGL, fasting plasma 
triglyceride (mg/dl); LAP, lipid accumulation product [132]; FPG, fasting plasma glucose 
(mg/dl); C Index, conicity index [135]. 
 
2.3.2. Decreased alpha microbial diversity in obese individuals 
To identify differences in microbial diversity between the BMI cohorts, alpha diversity 
was calculated for each subject (BP’s Dominance, Shannon’s H, and Inverse Simpson 
index) using OTU abundance profile at 97% similarity. As shown in Figure 2.11, 
Shannon’s H and Inverse Simpson were significantly lower in obese compared to lean 
samples (Mann Whitney U Test p-value = 0.013 and p-value = 0.011, respectively. 
Dominance (relative abundance of most abundant OTU) was greater in obese and pre-
obese subjects although not significant (Kruskal-Wallis Rank Sum Test p-value = 
0.185). Additional analysis with Genus, Family, and Phylum-level abundance profile 
showed significantly lower Shannon’s H in obese individuals compared to lean (see 
Appendix 1.8). 
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 Figure 2.11. Loss of microbial diversity was observed in 
obese subjects. Berger Parker’s Dominance, Shannon’s H, and 
Inverse Simpson index were compared in lean (blue), pre-obese 
(orange), and obese (red) subjects using the Mann Whitney U test. 
Legends: “*”, p < 0.05; “.”, p < 0.1; “ns”, not significant (p-value > 0.05). 
 
To further explore the association of microbial diversity with obesity phenotypes, the 
Inverse Simpson index (Simpson 1/D) was tested for linear regression relationship with 
biometric measurements. Simpson 1/D was chosen instead of Shannon’s H because 
it showed the greatest differences between BMI groups (see Figure 2.11). A linear 
regression relationship was found between Simpson 1/D and BMI (Figure 2.12.a). 
There were also borderline negative relationships with TGL (Figure 2.12.b), WC (Figure 
1.12.c), %BF (Figure 2.12.d); and LAP (Figure 2.12.e). But, no linear relationship was 
found for C Index (Figure 2.12.f). No meaningful relationship was detected between 
Simpson 1/D with subject’s FPG and WH ratio (data not shown). For every increase of 
Simpson 1/D by 1, it was predicted that subject’s BMI also increase by 0.74, WC by 
0.33 cm (F(1,34) = 3.95);  %BF by 0.54 % (F(1,34) = 4.33);  TGL by 0.06 mg/dL (F(1,34) 
= 1.96); and LAP by 0.11 (F(1,34) = 3.17). Linear association of Shannon’s H was 
equivalent to Simpson 1/D for BMI (R2=0.14; p-value = 0.014), but stronger with WC 
(R2=0.115; p-value= 0.043); and %BF (R2=0.115; p-value=0.043). 
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 Figure 2.12. Linear regression between inverse simpson index with subject’s 
biometrics. a: dot plot of Inverse Simpson Index with BMI; differences tested as significant across 
the all obesity groups using Kruskall Wallis Rank Sum Test and Wilcoxson Rank Sum Test (post-hoc). b 
– e: modest regression relationships which predicts decreased Inverse Simpson Index as triglyceride, 
waist circumference, total body fat, and LAP increased. f: no linear relationship was found between 
Inverse Simpson Index with C Index. 
 
 
2.3.3. Loss of Phylum-level richness in obese subjects 
Next, microbial relative abundance was explored at Phylum-level taxonomy. Two 
Phyla, Firmicutes and Bacteroidetes, dominated the majority of the Balinese 
microbiotas sampled here (Figure 2.13.a). Association between the ratio of Firmicutes 
to Bacteroidetes (FB ratio) with obesity has been previously reported in controlled diet 
interventions [3,5] and small-scale cross-sectional studies [40,42,164] in humans.  In 
this study, there was a high inter-individuality variation of the FB ratio among the 
subjects. Accordingly, no association was found between the FB ratio and obesity in 
the Balinese population (Mann-Whitney U Test; p-value > 0.05, see Appendix 1.9 for 
further comparisons of the FB ratio in different cohorts of the subjects). Interestingly, 
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there was a lower Phylum-level richness in all overweight subjects, particularly in the 
obese group. When Firmicutes and Bacteroidetes were excluded from the analysis, 
this difference was more apparent (Figure 2.13.b). Further observation of the data 
showed that the abundance distribution of ‘rare’ Phyla in obese individuals was distinct 
(Figure 2.13.c). 
The difference in net abundance of the ‘rare’ Phyla were compared between lean, pre-
obese, and obese individuals. Using the full dataset (26 lean, 5 pre-obese, and 5 obese 
subjects), the difference was not significant between lean and obese; and was not 
significant between lean and pre-obese (Mann Whitney-U test p-value > 0.05, data not 
shown). However, the average of ‘rare’ Phyla abundance was lower in obese and pre-
obese subjects compared to lean subjects, to which the obese group was had the 
lowest value (Table 2.6). The weak significance could be explained by higher variance 
in the lean group compared to the obese and pre-obese, due to significantly larger 
sample size. Comparison between lean and obese subjects with manual ‘bootstrap’ 
(see Section 2.2.13.1) also did not found significant differences between lean, obese, 
and pre-obese cohorts (data not shown). 
Table 2.6. Comparison of ‘rare’ Phyla abundance between obesity groups 
 Relative Abundance of ‘Rare’ Phyla (%) 
 Mean SD CI (Mean±SE) 
lean 3.54 3.71 3.4 - 3.69 
pre-obese 2.45 2.48 1.95 - 2.94 
obese 0.46 0.6 0.34 - 0.58 
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 Figure 2.13. Differences in microbial relative abundance between obese, pre-obese, and lean Balinese at Phylum-level.  
a: Abundance of all Phyla; samples ordered by Firmicutes abundance. b: Phyla abundance excluding Firmicutes and Bacteroidetes; samples ordered by the 
sum of abundance of ‘rare’ Phyla (see c). c: Presence/absence plot of microbial Phyla (excluding Firmicutes and Bacteroidetes); samples ordered by 
abundance of ‘rare’ Phyla; point sizes are relative to abundance (log transformed); empty sites means no presence (relative abundance < 0.001%). Taxonomic 
assignments are based on Greengenes reference taxonomy (version 13.8). Relative abundance is based on OTUs rarefaction at 99,976 reads/samples. Note 
that Euryarchaeota is not specifically targeted by the 515f/806r sequencing primer, but its presence was detectable at low level.
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2.3.4. Differences in microbial composition in obese and lean 
subjects 
Microbial abundance profile in lean, pre-obese, and obese subjects were visualised 
using the NePRaMA charts (Figure 2.14, Appendix 1.10). The charts showed the 
proportion and richness of microbial taxa out of the total sequence belonging to either 
lean, pre-obese, or obese subjects. To achieve this, 16S rRNA gene V4 sequences 
from all individuals were pooled into their respective BMI group. Next, the proportions 
of sequence belonging to each of the identified taxonomic groups were calculated out 
of the total number sequence in each group – which means that the abundance profile 
showed in the charts was relative to the total number of samples in each group (lean, 
26 subjects; pre-obese, 5 subjects; obese, 5 subjects).  Performing manual ‘bootstrap’ 
analysis to equalise the sample size of the lean group (randomly picking 5 samples out 
of 26 computationally) demonstrated that the charts are representative of the total 
community profile at Phylum, Class, and Order level, regardless of differing sample 
sizes between the BMI groups (see Appendix 10). 
The NePRaMA charts (Figure 2.14) showed that all samples, regardless of BMI groups, 
were enriched in Bacteroidales and Clostridiales. Interestingly, only two bacterial 
Families dominated the Bacteroidales community: Prevotellaceae (included mainly 
Prevotella) and Bacteroidaceae (included mainly Bacteroides). In contrast, Genus-level 
richness was higher within the Clostridiales community compared to Bacteroidales. 
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 Figure 2.14. Nested Pie Charts of Ranked Microbial Abundance (NePRaMA) 
showing differences in microbial community between BMI cohorts. Each ring in the 
charts represent a taxonomic level (from inner to outer ring; Phylum, Class, Order, Family, Genus). The 
size of the wedges within each ring indicates relative abundance. Within each taxon, abundance was 
ranked in clockwise direction. 
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Moreover, the charts showed that the abundance of the members of ‘rare’ Phyla 
described above was indeed depleted. For example, Akkermansia was below detection 
level in obese and pre-obese group. A similar outcome was observed for 
Fusobacterium and RF39 (an unclassified Genus of Tenericutes, similar to Mollicutes) 
– both Genera are present in lean and pre-obese subjects, but not in obese. 
The NePRaMA charts also showed enrichment of Veillonellaceae members Dialister, 
Megasphaera, and Megamonas in obese individuals. These Genera were dominant 
across the Clostridiales Class. In contrast, these Genera ranked under others in 
Lachnospiraceae and Ruminococcaceae in lean/pre-obese subjects. To statistically 
confirm these observations, Linear Discriminant Analysis Effect Size (LEfSe) analysis 
was performed (see the next section). 
2.3.5. Biomarker identification in LEfSe 
The LEfSe analysis used Genus-level relative abundance profiles of obese and lean 
subjects (Figure 2.15). Veillonellaceae (particularly Dialister, Megasphaera, and 
Megamonas) was significantly and consistently enriched in obese individuals 
compared to lean subjects. Interestingly, obese subjects were also enriched in 
Prevotella and several unclassified OTUs belonging to Bacteroidetes and 
Clostridiaceae. In contrast, Ruminococcaceae (Butyricicoccus, Oscillospira) and 
Enterococcaceae (Enterococcus), and Escherichia were enriched in lean individuals. 
This result was in agreement with observations of the NePRaMA charts. 
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 Figure 2.15. Significantly enriched taxa in obese and lean Balinese.  
a: LDA effect size score plot of enriched taxa by obesity groups (blue, lean; red, obese). Taxon in 
bold text indicate Family-level enrichment. *, OTUs unidentified in Greengenes which adopt the 
Genus name of the phylogenetically closest organism (based on NCBI BLASTn); “spp”, denotes a 
pool of OTUs which failed to cluster at 80% similarity with to reference taxa. b:  The phylogenetic 
relationship of those taxa. LEfSe was performed using Genus-level (L7) relative abundance table 
based on Greengenes reference taxonomy version 13.8. LDA, Linear Discriminant Analysis. 
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In addition, LEfSe identified several ‘rare’ taxa (relative abundance <0.2%) enriched in 
lean subjects. These include Odoribacter, Turicibacter, Holdemania, Oxalobacter, and 
several unclassified OTUs in Mogibacteriaceae (similar to Mogibacterium) and 
Clostridiales (similar to Clostridium). 
Surprisingly, the LEfSe analysis did not support that ‘rare’ Phyla such as 
Verrucomicrobia, Tenericutes, and Fusobacteria were significantly different between 
lean and obese group. On further examination, the Genera belonging to these Phyla 
(e.g. Akkermanisa, RF39, and Fusobacterium) failed the Step 1 of LEfSe analysis (not 
identified as significant in the Kruskal-Wallis test, see Figure 2.9). In retrospect, the 
failed tests were likely a consequence of two things: 1) significantly unbalanced lean 
and obese sample size; 2) high individual variations in the relative abundance of 
Akkermanisa, RF39, and Fusobacterium across the lean subjects (Figure 2.16). 
 
 Figure 2.16. The relative abundance of Akkermansia, 
RF39, and Fusobacterium in lean and obese subjects. Each 
data point represents the Log 10 relative abundance of a genus in an 
individual. 
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2.3.6. The Balinese microbiota formed enterotype-like clusters 
To get an overview of OTU-level variation across the sampled populations, Principal 
Coordinate Analysis (PCoA, also known as Non-Metric Multidimensional Scaling) was 
performed on weighted Unifrac Distance metrics. The analysis revealed that 52% of 
between-sample variations in the OTU table could be explained by the first and second 
Principal axes (Figure 2.17.a). When the abundance of Genus-level taxa was fitted onto 
the plot using vector regression, it was found that Prevotella and Bacteroides were the 
two most significant Genera that aligned with sample distribution (p-value < 0.001; 9999 
permutations). Generally, samples enriched in Prevotella were driven away 
orthogonally from the samples enriched in Bacteroidetes in the ordination. Therefore, 
the data suggests that Prevotella and Bacteroides were strong markers of diverging 
community across samples. When the abundance of Prevotella and Bacteroides were 
ranked, there were indications of a trade-off between the two Genera (Figure 2.17.b), 
suggesting that Prevotella and Bacteroides may have a bimodal distribution.  
Next, two PCoA clusters were assigned to the samples based on the abundance of 
Prevotella. Based on the bimodal distribution of Prevotella (Figure 2.17.c), the mean 
value of Prevotella abundance (14.03%) was used as the cut-off point for the PCoA 
clusters. “Type-1” cluster was assigned to samples with low Prevotella abundance (< 
14.01%), whereas “Type-2” group was assigned to samples with high Prevotella 
abundance (≥ 14.01%) (Figure 2.17.d). ANOSIM test found the difference between the 
two clusters as significant (p-value < 0.001, with 9999 permutations). 
To further compare the differences between the two PCoA clusters, sample 
memberships was further examined. Although the Type-2 (Prevotella-enriched) cluster 
has less members (16 in the Type-2 vs. 20 the Type-1), most obese samples (BA011, 
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BA017, BA033, BA036) belonged to the Type-2 cluster, two of which were severely 
obese (BMI > 40). In addition, individuals with the Type-2 cluster have significantly 
higher BMI than the Type-1 cluster (Welch Two Sample t-test p-value < 0.05; mean of 
BMI in the Type-1 = 21.3; mean of BMI in the Type-2 = 27.2; p-value= 0.035). Whereas 
only 1 obese (BA021) individual belong to the Type-1 (Bacteroides-enriched) with BMI 
of 32. Notably, the cluster membership of BA021 was ambiguous, since the placement 
of this sample on the PCoA was relatively closer to other members of the Type-2 cluster 
instead. The Prevotella abundance of BA021 was at the borderline of the cut-off point 
for the cluster criteria5. BMI association with microbiota structure was further confirmed 
with PERMANOVA test (Table 2.7) however, the association was weak (R2 < 0.016). 
No association was found with other biometrics. 
  
                                                
5 This ambiguity is likely a product of this classification strategy, which used Prevotella-abundance. If a 
different criterion was used for the separation of the two groups (e.g. based on the ratio of Prevotella to 
Bacteroides, or by distance to centroids), BA021 may switch cluster membership. However, community 
classification based on criteria that are dependent on several factors is less likely to be robust. 
Therefore, in this study, cluster classification is based on Prevotella abundance alone. 
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 Figure 2.17. clustering of Balinese microbiota based on Prevotella abundance.  
a: PCoA of weighted Unifrac distance based on OTU abundance at 97% similarity; with environmental 
fitting of Bacteroides and Prevotella relative abundance. Samples are shown as coloured data points 
(lean, blue; pre-obese, yellow; obese, red). Relative abundance values of Prevotella and Bacteroides 
were fitted into the ordination using vector regression following methods by Kindt and Coe (2005) [158] 
(see also Section 2.2.14.). b: Ranked relative abundance of Prevotella and Bacteroides; dashed white 
line indicates the mean value; solid red line stratify samples by the mean. Red vertical line shows the 
cut-off point for PCoA clustering (see c). c: Bimodal distribution of Prevotella (observed with density plot). 
Density is the number of samples with that level of Prevotella abundance. Red vertical line shows the 
cut-off point for PCoA clustering based on the mean value. Curve lines depict normal distribution curves 
fitted over the distribution of Prevotella abundance based on empirical cut-off points (red, mean; yellow, 
median; black; mean-SEM; blue, mean+SEM; SEM, standard error of mean). d:  PCoA of weighted 
Unifrac distance with samples assigned to clusters based on Prevotella abundance. Ellipses contain 
samples at 65% confidence, and colour coded by the different clusters (dark blue, Type-1; light blue; 
Type-2). The shape of sample data points represents obesity category (●, lean; ■, pre-obese; ▲, obese). 
All taxonomies assigned using Greengenes version 13.8 as references.   
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Table 2.7. PERMANOVA analysis of faecal microbiota community in relation 
with host phenotypes. 
Biometrics Df SS MSS F R2 p-value
Weighted Unifrac Distance 
Body Mass Index (kg/m2) 1 0.393 0.393 3.523 0.097 0.003
Triglyceride (mg/dL) 1 0.151 0.151 1.353 0.037 0.206
Fasting glycose (mg/dl) 1 0.055 0.055 0.491 0.014 0.881
Waist to Hip Ratio 1 0.043 0.043 0.382 0.011 0.961
height 1 0.094 0.094 0.845 0.023 0.523
age 1 0.086 0.086 0.772 0.021 0.596
Residuals 29 3.237 0.112 0.797  
Total 35 4.059 1.000  
To minimise redundancy, only biometrics with low correlation with each other (Spearman’s P < 0.60) 
were included in the analysis. Df = degrees of freedom; SS = sum of squares; MSS = mean sum of 
squares; F = Pseudo-F value by 9999 permutations. Bold face indicates statistical significance (P < 
0.05); P-values are based on 9999 permutations (i.e. the lowest possible P-value is 0.0001). Strength 
of R2 trends: R2 < 0.04, weak; R2 < 0.16, modest; R2 < 0.36, moderate; R2 < 0.64, moderately strong; 
R2 > 0.64, strong. P-value = > 0.1, not significant; 0.1 – 0.05, borderline significant. P-value < 0.05, 
significant. 
 
 
To estimate variance in the faecal microbiota that was associated with subject’s 
biometrics (age, height, BMI, WH Ratio, TGL, and FPG), constrained ordination 
analysis on the weighted Unifrac distance were performed. The constrained ordination 
was performed using distance-based Redundancy Analysis (db-RDA) method. The 
analysis produced six constrained principal coordinate axes which explained 20.25% 
of the total variance in the microbiota; of which the first two of the PCs explained 15% 
(Figure 2.18). The analysis did not detect significant separation between obese and 
lean samples. But it confirmed that samples with elevated BMI, TGL, and FPG did 
occupy the same quadrant as other samples in the Type-2 cluster (Figure 2.18.a, light 
blue ellipse). Based on environmental fitting of the biometrics, the correlation between 
the biometrics and the samples projections was significant (Figure 2.19). There was no 
association with height, WH ratio and age, but the Balinese individuals have little 
correlations with these factors in the first place (see Section 2.3.2).  
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  Figure 2.18. dbRDA of the Balinese microbiota constrained by biometrics. The 
analyses was performed using the weighted Unifrac distance based on OTU-level (at 97% identity). 
a: sample segregation based on the first two constrained axes of principal coordinates (CAP); 
biometric continuous values fitted to show direction of sample divergence. b, c: Relative abundance 
at Family-level (b) and Phylum level (c) were fitted into the constrained ordination using vector 
regression (see also Section 2.2.14.). Only taxon with p-value < 0.05 correlation was shown (based 
9999 permutations). “+” represents OTUs driving the divergence of samples. All taxonomies assigned 
using Greengenes version 13.8 as references.  
 
 
 
 Figure 2.19. Vector regression of biometric measurements 
on the constrained dbRDSA. Significant correlations with BMI, TGL, 
and FPG were detected. Vector regression tested the correlation of 
biometrics againts projections of sample onto the constrained axes with 9999 
permutations (see also Section 2.2.15.). Only the result for regression with 
CAP1 and CAP2 are shown. 
 
 
  
- 73 - 
 
Notably, Veillonellaceae was enriched in the quadrant of elevated obesity phenotypes 
(Figure 2.18.b). The OTUs that contributed to this enrichment were assigned as 
Dialister sp. and Megasphaera sp. Notably, these microbes have been previously 
identified as biomarkers of obesity in the previous LEfSe analysis (see Section 2.3.5.). 
Aside from this, enrichment of Bacteroidaceae/Rikenellaceae and 
Prevotellaceae/Paraprevotellaceae was driven towards the same and opposite 
quadrants of the constraints, respectively.  
Some interesting patterns were uncovered when environmental fitting was performed 
on Phylum-level abundance profile (Figure 2.18.c). Enrichment of Tenericutes and 
Verrucomicrobia was negatively associated with the Type-2 cluster which contains 
most of the obese individuals. Thus, the previous finding that there was a loss of 
Phylum-level richness in obese individuals was supported (see Section 2.3.3.). 
Curiously, a trade-off between Firmicutes and Bacteroidetes abundance was strongly 
correlated with microbiota structure (p-value < 0.05, with 9999 permutations, see Figure 
2.18.c.), towards opposite direction of each other. Although this did not align with 
Prevotellaceae/Bacteroidaceae pattern and obesity in this study, it does indicate that 
differences in the Firmicutes to Bacteroidetes ratio are more likely to be observed in 
longitudinal studies where the microbiota structure changes. 
Next, the differences in bacterial Genera between the Type-1 and the Type-2 clusters 
were examined (Table 2.8). Aside from Prevotella, the two clusters differ significantly 
in Bacteroides and an unclassified Rikenellaceae phylogenetically similar to Alistipes 
(based on NCBI BLASTn). A few other Genera were borderline significant, but did not 
pass the False Discovery Rate (FDR) correction. Some of these were highlighted 
previously in NePRaMA and LEfSe, such as Odoribacter, Mogibacterium, Oscillospira, 
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Mogibacterium, and Butyricicoccus. Interestingly, the clusters did not differ in the 
abundance of Dialister and Megasphaera, which were significantly associated with 
obese individuals and BMI-related biometrics. This data implied two things: 1) the 
mechanisms driving cluster formation were not dependent on obesity, and likely an 
emergent property of either the microbiota or other factors in the sampled population 
(diet or genotype); 2) enrichment of Veillonellaceae was likely a characteristic exclusive 
to obese individuals. 
Table 2.8. Genera significantly different in relative abundance between clusters. 
Genus 
% Relative abundance 
(Mean ± SD) FDR-
adjusted  
p-value 
Type-1 
(n=20) 
Type-2 
(n=16) 
Prevotella 4.02 ± 4.32 26.55 ± 6.2 <0.001 
Bacteroides 21.8 ± 13.38 5.46 ± 7.35 0.003 
Rikenellaceae (similar to Alistipes*)  3.56 ± 2.69 0.49 ± 0.61 0.003 
Prevotella ¥ 0.13 ± 0.37 5.12 ± 5.68 0.069 
Alistipes 0.26 ± 0.32 0.04 ± 0.04 0.076 
Ruminococcus 3.8 ± 3.58 1.19 ± 0.89 0.076 
Odoribacter 0.19 ± 0.18 0.06 ± 0.07 0.084 
Barnesiellaceae (similar to Barnesiella *) 0.94 ± 0.92 0.27 ± 0.42 0.097 
Butyricimonas 0.25 ± 0.37 0.05 ± 0.06 0.234 
Christensenellaceae (similar to Christensenella*) 0.34 ± 0.55 0.04 ± 0.07 0.234 
Oscillospira 3.73 ± 3.6 1.63 ± 1.63 0.234 
Mogibacteriaceae (similar to Mogibacterium *) 0.24 ± 0.17 0.13 ± 0.11 0.234 
Mitsuokella 0.06 ± 0.13 0.23 ± 0.29 0.243 
Dorea 0.9 ± 0.75 0.52 ± 0.22 0.246 
Ruminoccocaceae (similar to Butyricicoccus*) 0.93 ± 1.01 0.45 ± 0.26 0.246 
Erysipelotrichaceae (similar to Erysipelatoclostridium *) 0.95 ± 1.37 0.26 ± 0.47 0.246 
Succinivibrio 0.05 ± 0.17 1.6 ± 2.7 0.246 
Note: p-values were obtained by Welch Two Sample t-test with FDR correction. Only taxon with relative 
abundance > 0.1% (across 36 samples) and p-value < 0.05 (without correction) are shown. Legends: 
¥, recommended taxonomy (unverified) in the Greengenes reference (v.13.8); *, Genus unclassified, 
the name of most phylogenetically similar Bacteria provided based on BLASTn search of the NCBI 16S 
rRNA gene sequence database. The difference in relative abundance of genera not shown in this table 
were not significantly between the Type-1 and the Type 2 clusters. 
 
 
In summary, the microbiota data showed that the Balinese individuals can be generally 
be grouped into the Type-1 (Bacteroides-enriched) and Type-2 (Prevotella-enriched) 
clusters. The Type-2 cluster, in particular, displayed modest associations with BMI and 
other obesity-related phenotypes. Despite distinct segregation of the two clusters in the 
ordination analysis, most microbial Genus was not found to be statistically different 
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between the clusters. The lack of significant difference was possibly an indication of 
high individual variation at fine-level taxonomy in the dataset or the small sample size 
(the study may be underpowered to detect fine-taxonomic differences in the dataset).  
 
2.3.7. Association with diet patterns 
Next, the association between the microbiota with diet patterns (via FFQ) in the 
Balinese was tested. First, diet-related differences between lean and obese Balinese 
were identified. Then, the overall FFQ profile was used to create a PCA plot, by which 
associations with the microbiota and biometrics were further explored. 
2.3.7.1. Overall diet pattern of the Balinese 
Based on the FFQ of this study, the Balinese had a carbohydrate-rich diet, of which 
white rice was the centre of the meals (Figure 2.20.a). On daily basis, they consumed 
2 to 4 servings of white rice accompanied with 2 – 3 servings of legumes (commonly 
tempeh, tofu, or beansprout, which could be consumed together) as the main protein 
source, and leafy vegetables (most frequently kangkung/water spinach, spinach, and 
lettuce) as fibre source. This basic meal was sometimes supplemented with livestock 
meat and fish. 
For animal-based protein, the Balinese frequently consumed chicken meat, eggs, and 
ocean fish (on average 2 and up to 6 servings daily). They occasionally consumed pork 
(1 serving a week on average). Beef was seldom consumed (2 servings a month on 
average), given that most Balinese adheres to Hinduism that consider cows as sacred 
animals. Animal protein was not always present in every meal and varied inter-
individually in frequency. For example, a person could eat chicken meat anywhere 
between a few times a week to several times a day, but on average 3 to 4 times a 
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week. Milk was consumed less regularly, on average 3 times a week. Some Balinese 
also eat offal, such as liver and intestines, but not regularly (on average 2 servings a 
month). 
Less-frequently consumed food included fruits and other snacks. Fruits, typically 
orange and papaya, were consumed about 1 to 2 servings daily in-between meals. 
Wheat-based products, such as bread (white or whole grain), biscuits, and cakes were 
also consumed (5 to 6 times a week on average), but more as a snack or a sweet 
breakfast. The Balinese also showed tendency to snack daily, particularly on sweet 
bread/cakes, sweet drinks, fruit juice, confectionaries (commonly candies), and deep 
fried banana/cassava. Less common snacking items include traditional sweet snacks 
and meatball soup “Bakso”. Fast Food consumption (e.g. Pizza Hut, KFC, McDonald) 
was 3 times a week on average, ranging from a few times in a month to 5 times a week. 
 Figure 2.20. Common Balinese Food. a: Nasi campur Bali which includes a bowl of white rice 
(1) accompanied by fried tempeh (2), fried tofu (3), chicken satay (4), hard boiled egg (5), sambal (6), 
long bean (7), potato sambal (8), tomato and lettuce leaf (9), and flour-based cracker (10). Reprinted 
from “Indonesian Cuisine” by Wikipedia, 2016, n.d. (see URL: https://en.wikipedia.org/wiki 
/Indonesian_cuisine). b: uncooked tempeh, a fermented soybean product. c: uncooked water spinach 
(Ipomoea aquatica), that is a common vegetable in Balinese diet. b,c: Reprinted from HealthGrove, 2016, 
n.d. (see URL: http://tinyurl.com/tempeh-pic  and http://tinyurl.com/kangkung-pic). Abridged nutrition 
analysis for rice, tempeh, and kangkung is available in Appendix 1.11. 
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2.3.7.2. Top 20 most consumed food in lean and obese subjects 
To investigate the differences of food consumption frequency between lean and obese 
subjects, their food consumption frequency was ranked by frequency, then the top 20 
items on the list were compared (Table 2.9). Both groups have an equivalent average 
intake frequencies of rice, tofu, and tempeh (fermented soybean cake, see Figure 
2.20.b for picture). The intake frequencies for these items did not differ significantly 
(Table 2.10). However, lean individuals consumed chicken, fish, and whole vegetables 
(particularly kangkung) more frequently. Kangkung is a common vegetable also known 
as water spinach with scientific name of Ipomoea aquatica (Figure 2.20.c). Only the 
frequency of chicken intake differed significantly between lean and obese subjects. No 
other items differed significantly between the BMI groups. Further tests that compared 
the food frequency between the Type-1 and the Type-2 cluster also did not detect 
significant differences. 
Table 2.9.  Most frequently consumed food in lean and obese subjects. 
Rank 
Lean 
(n=26) 
Mean
Frequency 
in 30 days 
Obese 
(n=5) 
Mean
Frequency 
in 30 days 
1 Rice 82.0 Rice 78.0 
2 Chicken 32.0 Tofu 37.6 
3 Tempeh 30.2 Tempeh 36.0 
4 Tofu 20.7 Bread (whole grain) 18.8 
5 Kangkung (water spinach) 18.7 Sweeten coffee/tea 18.0 
6 Beansprout 18.0 Candies/Lollies 16.8 
7 Eggs 17.7 Beansprout 16.0 
8 Spinach 15.8 Papaya 15.2 
9 Candies/Lollies 15.1 Watermelon 13.4 
10 Ocean fish 13.3 Long beans 12.8 
11 Shaved ice/ice cream 12.8 Chicory 10.8 
12 Long beans 12.8 Eggs 10.0 
13 Sweeten coffee/tea 12.4 Sweet traditional snacks 9.2 
14 Bread (from wheat) 9.6 Orange 9.2 
15 Noddle 9.0 Fruit juice 8.4 
16 Orange 8.6 Bread (white) 8.0 
17 String beans 8.6 Chicken 8.0 
18 Papaya 8.4 Shaved ice/Ice cream 7.0 
19 Bread (white) 8.3 Honey 6.6 
20 Sweet traditional snacks 7.0 Broccoli 6.6 
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Table 2.10. Comparison of food frequency between lean and obese subjects. 
Food 
Mean±SD Median 
p-value lean obese lean obese 
a) Frequently consumed  165 ± 58 159 ± 71 165 132 0.8821 
Rice 82 ± 23 78 ± 16 90 90 0.5252 
Chicken 32 ± 33 8 ± 4 16 8 0.0424 
Tempeh 30 ± 30 36 ± 39 20 30 1 
Tofu 21 ± 25 38 ± 37 10 30 0.3713 
b) Whole vegetable 74 ± 94 42 ± 58 36 12 0.3431 
Kangkung 19 ± 23 6 ± 4 12 4 0.2338 
Beansprout 18 ± 24 16 ± 25 8 8 0.9349 
Spinach 16 ± 25 4 ± 3 4 4 0.8065 
Long beans 13 ± 19 13 ± 26 6 0 0.3931 
String beans 9 ± 14 3 ± 4 3 0 0.4491 
c) Confectionary 47 ± 37 51 ± 48 45 51 0.8776 
Candies/Lollies 15 ± 24 17 ± 13 6 12 0.3629 
Sweeten coffee/tea 12 ± 14 18 ± 16 8 30 0.7234 
Shaved ice/ice cream 13 ± 21 7 ± 13 1 1 0.9101 
Sweet traditional snacks 7 ± 13 9 ± 12 0 8 0.5627 
d) Other common foods NA NA NA NA NA 
Eggs 18 ± 17 10 ± 12 12 8 0.2515 
Ocean fish 13 ± 20 2 ± 2 4 4 0.1198 
Bread (whole grain) 10 ± 14 19 ± 26 3 4 0.827 
Noodle 9 ± 17 5 ± 5 6 4 0.5826 
Orange 9 ± 10 9 ± 12 6.5 4 0.9346 
Papaya 8 ± 13 15 ± 14 4 12 0.2763 
Bread (white) 8 ± 10 8 ± 3 6 8 0.4937 
Note: p-values obtained by Mann Whitney U tests. Only top 20 most frequently consumed items in 
the groups are shown (see Table 2.9). NA: not tested.   
2.3.7.3. Association between diet frequency, obesity, and the 
microbiota 
We next examined the diet frequency data to answer the following questions: 1) Which 
food items drove individual variance in diet? 2) Are there associations of food frequency 
with obesity and obesity-related phenotypes? 3) Are there associations between 
microbial abundance (at Phylum and Genus-level) and food frequency? To answer 
these questions, Principal Component Analysis (PCA) was performed using the relative 
frequency of top 20 food items described in Table 2.9. 
To answer the first question, we found that rice, tempeh, tofu, chicken, beansprout, and 
kangkung frequency contributed significantly to the inter-individual variance in food 
frequency (Figure 2.21.a). Subjects that consumed higher frequency of rice and lower 
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frequency of tofu were driven towards the left quadrants (2nd and 3rd quadrants). The 
1st quadrant include subjects with higher consumption frequency of tempeh and 
candies. Subjects that fell on the 4th quadrant consumed chicken, kangkung, 
beansprout, and spinach more frequently. 
To answer the second question, no strong association was found between simple food 
frequency profile with obesity, because obese subjects did not cluster exclusively by 
food frequency (Figure 2.21.a). The lack of strong trend related to obesity also extend 
to lack of significant association with obese-related phenotypes, such as BMI, WC, WH 
Ratio, LAP, and TGL (Figure 2.21.b).  
Yet interestingly, there are noticeable absence of obese individuals in the 4th quadrant, 
which marked 1) reduced consumption frequency of rice and tempeh; and 2) increased 
consumption of chicken and leafy vegetables. Assuming basic cooking methods, rice 
and tempeh have higher caloric density compared to kangkung and chicken (see 
Appendix 1.11.1 to 1.11.4). Thus, this data appears to suggest that lean phenotypes 
was partially associated with less caloric intake. However, the FFQ was more 
qualitative than quantitative by design, so this result needs to be considered with 
caution (further discussion in Section 2.4.6). 
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 Figure 2.21. Obesity is associated with food frequency and microbial abundance 
profile, but not ‘enterotype’-like clusters. The graph depicts Principal Component Analysis 
of top 20 of most frequently consumed food over 30 days’ period. The two largest principal components 
are shown (PC1 and PC2). a: PCA plot fitted with individual food frequency vector (direction of increased 
frequency shown in dark blue arrows) fitted using vector regression. b: PCA plot fitted with 
anthropometric, TGL and LAP vectors (direction in red arrows). c,d: PCA plot fitted with Phylum-level 
(c) and Genus-level (d) relative abundance vector (direction in black arrows). Only taxa with > 1% 
relative abundance in the total community are displayed. Taxonomy assigned using Greengenes 
reference v.13.8. Significant correlations between PCs and the vectors were marked with ***, **, *, and 
^ for p-value less than 0.001, 0.01, 0.05, and 0.1, respectively (correlations were tested with 9999 
permutations, see also Section 2.2.15).   
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To answer the third question, some intriguing patterns were observed that correlate 
FFQ with the abundance of a particular bacterial Phyla (Figure 2.21.c) and Genera 
(Figure 2.21.d). At Phylum-level, the top quadrants (in which all the obese individuals 
were present) were correlated with enrichment of Firmicutes, Verrucomicrobia, and 
Proteobacteria. Whereas the  bottom quadrants (in which obese individuals were 
absent) were correlated with enrichment of Fusobacteria and Bacteroidetes. These 
relationships, however, were not significant. Interestingly, the enrichment of Firmicutes 
was in the opposite quadrant of Bacteroidetes, which is consistent with the previous 
constrained beta-diversity analysis (Figure 2.18.c). At Genus-level, the bottom 
quadrants marked the enrichment of Haemophilus, Phascolarctobacterium, Prevotella, 
Paraprevotella, Fusobacterium, and Bacteroides. Whereas the top quadrants aligned 
with enrichment of Dialister and Akkermansia. 
 
2.3.8. Association with mitochondrial haplotypes 
As previously discussed, one of the aims of this study is to explore the association 
between obesity, gut microbiota, and subject’s ancestral background. To determine the 
latter, subject’s mitochondrial polymorphisms at HVR I and HVR II were used to identify 
subject’s mtDNA haplotypes. Then, by stratifying the samples based on the mtDNA 
haplogroups, obesity-related phenotypes and microbiota profile was tested for 
association. 
MtDNA haplogroup analysis showed that the Balinese individuals belonged to macro-
haplogroup M and R (Figure 2.22.a). Both macro-haplogroups were ancestral 
haplogroups that diverged shortly after pre-historic humans migrated out of Africa. At 
the present, the M and R haplogroup are prevalent in Asia. Subjects with the macro-
haplogroups were further stratified by sub-haplogroups of M and R (Appendix 1.12). 
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The sampled population was identified to include sub-haplogroups MM, MD, ME, RB, RF, 
and RR. All of these haplogroups are commonly found in South East Asia region [165]. 
Given the above, no Melanesian admixture was detected in the Balinese samples 
(which would have been indicated by the appearance of haplogroup P or Q). Thus the 
Balinese in this study were typical of populations in South East Asia. 
Based on the haplogroups, subjects were compared for obesity-related phenotypes 
and gut microbiota.  First, the relationship between mtDNA haplogroup and biometrics 
was explored. BMI, WC, WH Ratio, %BF, LAP, FPG, and TGL profile between subjects 
was compared between M and R macro-haplogroups. Regardless of subject’s obesity 
level, no significant difference was found for BMI, %BF, FPG, or LAP. However, 
individuals with R haplogroup had slightly lower WH ratio (Figure 2.22.b) and WC 
(Figure 2.22.c). Since WC and WH ratio are measurements of central obesity, we then 
tested the likelihood of a subjects having central obesity based on their mtDNA 
haplogroup. Using Pearson’s Chi-square test of independence, it was revealed that 
individuals with M macro-haplogroup were more correlated with central obesity (WC > 
88 cm or WH ratio ≥ 0.85, according to WHO [163]) than R macro-haplogroup (Chi-
square (1,n=36) = 7.25, p < 0.05, Ф = 0.45; the p-value was based on Monte Carlo 
simulation with 1000 replicates). Further comparisons between the biometrics in the 
sub-haplogroups MM, MD, ME, RB, RF, and RR only found significant differences in WH 
ratio between MM and RR haplogroup. Mean±SD in MM and RR haplogroup were 
0.87±0.07 and 0.78±0.04, respectively (p-value= 0.002 using Welch Two Sample t-
test). 
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 Figure 2.22. Host mtDNA genetic background is associated with waist-hip 
biometrics. a: Nested pie chart analysis of mtDNA haplogroup distributions in the Balinese individuals 
(green, macro-haplogroup M, n=19; purple, macro-haplogroup R, n=17). b-c: comparisons of WH ratio 
and WC between Balinese individuals with M and R macro-haplogroups. Significant differences are 
marked as “*” and “^” for p-value < 0.05 and <0.1, respectively (obtained with Welch Two Sample t-test). 
 
The association of mtDNA variants with the microbiota community was investigated. 
PCoA of weighted Unifrac distance showed that individuals with mtDNA macro-
haplogroup R was present at higher frequency in individuals with the Type-1 
(Bacteroides-enriched) cluster; whereas individuals with macro-haplogroup M (also 
associated with higher WC and WH ratio) had higher frequency in the Type-2 
(Prevotella-enriched) cluster (Figure 2.23). However, this difference was only 
borderline significant (Table 2.11.a). Analysis of mtDNA sub-haplogroups MM, MD, ME, 
RB, RF, and RR revealed that all individuals with Haplogroup MD also have the Type-2 
cluster (Table 2.11.b). Whereas, individuals with Haplogroup RF and RR are more likely 
to have the Type-1 cluster (Fisher’s Exact Test for count data p-value < 0.05, Table 
2.11b). This result collectively suggests that the microbiota structure may be associated 
with mtDNA polymorphisms. 
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 Figure 2.23. MtDNA haplogroups were associated with enterotype-like 
clusters. PCoA of weighted UniFrac distance of the Balinese microbiota with mtDNA macro-
haplogroup assigned to the subjects (1 data point = 1 subject). Ellipses marked 65% confidence of 
sample distance from cluster centroids (1, Bacteroides-enriched Type-1 cluster; 2, Prevotella-enriched 
Type-2 cluster). The shape of the data-points represent the assigned mtDNA macro-haplogroup of 
each subject (see legend). Macro-haplogroup R had higher frequency in the Type-1 cluster; whereas 
macro-haplogroup M had higher frequency in the Type-2 cluster. 
 
 
 
Table 2.11. MtDNA haplogroup frequency by microbiota cluster. 
 Frequency p-value* 
a) Macro-haplogroup M  R  
0.1065 Microbiota cluster T1 8  12 
Microbiota cluster T2 11  5 
b) Haplogroup MM MD ME  RF RB RR  
0.0491 Microbiota cluster T1 6 0 2  4 3 5 
Microbiota cluster T2 6 4 1  0 4 1 
* p-value obtained by Fisher’s Exact Test for count data. T1, Type-1; T2, Type-2. 
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Differences in the relative abundance of bacterial Genera were compared across the 
haplogroups (Figure 2.24). The abundance of Megamonas, Desulfovibrio, and an 
unclassified Rikenellaceae (phylogenetically similar to Alistipes) were significantly 
different between macro-haplogroups M and R. These differences were not extended 
to the sub-haplogroups. However, significant enrichment of Lachnospira and 
Coprobacillus were detected for ME and RF haplogroups, respectively. Similar 
comparisons were made for Dialister (associated with obesity), Prevotella (associated 
the Type-2 cluster), and Bacteroides (associated with the Type-1 cluster). The analysis 
did not find significant differences in the abundance of these Genera between all 
haplogroups. 
 Figure 2.24. Differences in Genus-level relative abundance between haplogroups. 
Each sample was coloured according to its respective macro-haplogroup, whereas the shape of each 
sample was according to its BMI category (see figure legends). Significant difference between two groups 
are marked with “***”, “**”,”*”, and “^” for p-value <0.001, <0.01, <0.05, and < 0.1, respectively. P-values 
were obtained using pairwise Welch Two Sample t-test with FDR correction. Comparisons not shown 
means no significant difference was found.   
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2.3.9. Microbes co-occurrence network in different cohorts 
2.3.9.1. Phylum-level 
Network analysis was performed to find differences in microbial co-occurrence patterns 
(based on abundance) between lean, obese, and pre-obese subjects. 
When the co-occurrence network was observed at Phylum-level in all samples (Figure 
2.25.a), the presence of Firmicutes and Bacteroidetes were negatively correlated. In 
addition, the abundance of Tenericutes, Lentisphaerae, Verrucomicrobia, and 
Euryarchaeota were positively correlated with one another. When the network was 
further analysed in lean samples, this pattern still holds true (Figure 2.25.b). Yet, no 
strong correlation pattern was detected for obese individuals (Figure 2.25.c); and only 
one correlation (Tenericutes-Actinobacteria) was found in pre-obese subject (Figure 
2.25.d). 
ANOSIM (comparing the distance between samples based on Spearman pairwise 
correlations) revealed that the overall co-occurrence patterns at Phylum-level between 
the Type-1 and the Type-2 clusters were not significantly different (p-value > 0.05, with 
9999 permutations). However, interestingly, the correlation relationship between 
Firmicutes and Bacteroidetes was found different between subjects with the Type-1 
and the Type-2 microbiota clusters (these clusters were previously defined in Section 
2.3.6). 
Most interestingly, in individuals with the Type-1 cluster, Firmicutes was negatively 
correlated with Bacteroidetes (Figure 2.25.e); whereas in individuals with the Type-2 
microbiota, the correlation was positive (Figure 2.25.f). There was indeed larger 
difference between Firmicutes and Bacteroidetes abundance in samples belonging to 
the Type-1 cluster compared to the Type-2 (p-value < 0.1, Appendix 1.9). Moreover, 
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the difference suggests that the dynamic between Firmicutes and Bacteroidetes may 
operate differently under distinct ecological conditions (e.g. whether a community is 
high or low on Prevotella abundance). 
Notably, ANOSIM did not detect a difference in the overall co-occurrence patterns 
between subjects with macro-haplogroup M and R. Yet, Firmicutes was negatively 
correlated with Bacteroidetes in individuals with macro-haplogroup M (Figure 2.25.g); 
whereas the correlation was positive in individuals with macro-haplogroup R (Figure 
2.25.h). This data suggests that the host’s genetic background may influence the 
ecology of the gut microbiota. 
Also, a negative correlation between Euryarchaeota with Synergistetes was detected 
when Firmicutes was positively correlated with Bacteroidetes (Figure 2.25.f and 
2.25.h). The negative correlation between the two Phyla may reflect competition for 
substrate, since both Phyla harbour hydrogen utilising bacteria. Euryarchaeota 
(present in the dataset due to ‘non-specific’ amplification by the sequencing primers) 
primarily represents Methanobrevibacter and Methanosphaera. Whereas the members 
of the Synergistetes in this dataset represents Synergistes and Pyramidobacter. 
2.3.9.2. Family-level 
Further analysis of the microbial co-occurrence network at Family-level detected a 
negative correlation between Bacteroidaceae and Prevotellaceae (Figure 2.26.a), 
which is consistent with the previous results (see Section 2.3.6 to 2.3.8.). The 
Prevotellaceae/Bacteroidaceae negative correlation was found in lean individuals, but 
were below detection level not in obese (Spearman’s P = -0.5, p-value > 0.05) and pre-
obese (P = -0.9, p-value > 0.05) (Figure 2.26.b-d). Furthermore, the 
Prevotellaceae/Bacteroidaceae correlation was present in individuals with the Type-2 
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microbiota cluster, but not detected in the Type-1 cluster (P = -0.37, p > 0.05) (Figure 
2.26.e-f). 
When these co-occurrence patterns were further examined, out of 129 total unique 
pairwise correlations identified between the Type-1 and the Type-2 clusters, only10 
patterns were shared between the two cluster. This result is consistent with the 
previous finding that two clusters were distinct in terms of community structure and 
abundance (see Section 2.3.6.). In addition, Prevotellaceae/Bacteroidaceae pattern 
was notably weaker in individuals with mtDNA macro-haplogroup R than in individuals 
with macro-haplogroup M (Figure 2.26.g-h). Similarly, out of 126 strong pairwise 
correlations in cohort M and R cohorts, only 18 patterns were shared. Thus, the family-
level network analysis supports the previous findings that the structure of the microbiota 
was associated with certain mtDNA haplogroups (see Section 2.3.8.). 
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 Figure 2.25. Networks of co-occurring microbial Phylum in different sample cohorts. Each network circle consists of vertices (depict 
microbial Phylum) and edges (depict correlation relationships between two Phyla). Each edges represent strong and significant Spearman’s rho correlations 
(P > 0.6, P < - 0.6, and p-value < 0.01). Edges colours in blue and red represent positive and negative correlations, respectively. Edges with thick lines in blue 
and red colour depicts stronger correlations at P > 0.75 and P < - 0.75, respectively. Phylum assigned using Greengenes reference v.13.8.
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 Figure 2.26. Networks of co-occurring microbial Family in different sample cohorts. Each network circle consists of vertices (depict 
microbial Families) and edges (depict correlation relationships between two Families). The vertices are numbered according to Family names listed in Appendix 
1.13. Edges colours represent positive (blue) or negative (red) correlations, measured with Spearman’s rho. Only strong and significant correlations are shown 
(P > 0.6, P < - 0.6, and p-value < 0.01). Thickness of each lines represents the strength of the correlations: thicker lines, P > 0.75 (blue); or P < - 0.75 (red). 
Vertices number marked in bold represent Bacteroidaceae, Prevotellaceae, and Christensenellaceae. 
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2.4. Discussion 
It is well established that obesity is associated with altered gut microbiota. One of the 
simplest ways to show this altered ‘state’ is to analyse the taxonomic differences in the 
gut microbiota in obese and lean individuals. Recent studies have shown that it was 
remarkably difficult to identify consistent signatures (or predictable changes) in human 
populations, despite signatures having been reported in animal models. Some factors 
most likely to contribute to the difficulty are the heterogeneity of lifestyle (e.g. 
differences in diet [100]) and genetic predisposition [123] among human populations.  
In essence, this study aimed to show that obesity-associated microbiota signature can 
be discernible in a human population with defined characteristics. Moreover, it aimed 
to detect patterns in the host’s genetic and dietary factors that can influence microbial 
community assembly. To achieve this, the gut microbiota community of obese and lean 
Balinese individuals (a population with relatively homogenous lifestyle and 
ethnogeography) was compared. Taxonomic assignment was performed based on 
OTU clustering at 97% sequence identity of the subject’s 16S rRNA gene sequences 
from faecal samples. The microbiota data was further analysed along with food intake 
frequency and mtDNA haplotype information. Although constrained by small sample 
size, the results discussed in the previous section have provided strong support for the 
hypothesis that multiple interacting factors contribute to gut microbiota association with 
obesity in human populations. In this section, the most discernible patterns will be 
further discussed for evidence of interplay which shaped the microbiota community and 
connectivity with the pathophysiology of obesity. These patterns include: biodiversity 
patterns, taxonomic-based patterns, Enterotype-like patterns and ethnogeography 
patterns.  
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2.4.1. Biodiversity patterns 
Obese Balinese had significantly reduced phylum-level richness. Mainly, obese 
individuals were depleted in ‘rare’ phyla. These include Synergistetes, Lentisphaerae, 
Elusimicrobia, Cyanobacteria, Spirochaetes, Verrucomicrobia, Tenericutes, and 
Fusobacteria (Figure 2.13). In addition to this, obese individuals displayed a lower 
microbial alpha diversity than lean individuals; and a negative linear relationship 
between microbial alpha diversity with BMI and other obesity-associated phenotypes 
(include plasma triglyceride, waist circumference, overall body fat, and Lipid 
Accumulation Product) was also observed. 
A number of studies have found an association between reduced microbial diversity 
and obesity [38,41]. Lower microbial diversity is generally associated with lower gene 
richness. Le Chatelier, et al. (2013) reported that Danish Individuals with Low Gene 
Count (LGC) microbiota were associated with increased plasma triglyceride levels, 
overall adiposity, more pronounced inflammatory-phenotypes, and insulin resistance 
compared to the High Gene Count (HGC) group [47]. Metabolically, the LGC group 
was marked with increased sulphate-reducing and oxidative stress-handling activities 
in the gut. A diet lacking in fruit, vegetables, and fisheries products is also associated 
with LGC group [166], which seem to fit the circumstances of obese Balinese in this 
study (reduced intake frequency of kangkung). But with the exception of Dialister, no 
other bacterial Genera were found in agreement with the species associated with LGC 
groups in the Le Chatelier study. 
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2.4.2. Phylum-level patterns 
Perhaps the most controversial obesity-pattern in the gut microbiota is the ratio of 
Firmicutes to Bacteroidetes (FB ratio). The association was first reported in a mouse 
study by Ley et al., which found that the FB ratio was significantly increased in the 
faecal microbiota of genetically obese (leptin-deficient, ob/ob) C57BL/6J mice compare 
to their lean counterparts [167]. Increased FB ratio in obesity was associated with an 
increased capacity for energy harvest in mice [29]. In humans, the association between 
the FB ratio and obesity is inconsistently reported. The first finding was in a diet-
intervention study by Ley et al., which showed continuous decrease of the FB ratio in 
obese people that lost weight under carb-restricted and fat-restricted diet regimes [3]. 
The association between the FB ratio and obesity was subsequently supported in a few 
small-scale (intervention and cross-sectional) studies [5,40,42,164]; but also contested 
by a number of other studies, notably large-scale cross-sectional ones [4,6,7,38,43]. 
A popular theory for the lack of consistency found in human microbiota studies is that 
humans have variable lifestyle and genetic background. But despite using samples with 
homogenous culture, similar genetic background, and narrow age-range, this study 
also did not find an association between the FB ratio and obesity. The lack of statistical 
significance is not likely due to the small obese sample size in this study. Because, a 
significant shift in the FB ratio was detectable in Ley’s 2006 study that was similarly 
powered [3]. 
Variations in individual diet can strongly influence the association between the FB ratio 
and obesity. Firmicutes/Bacteroidetes abundance have been frequently reported as 
responsive to carbohydrate content in host diet [45,88]. The FB ratio was lower in a 
human population with high plant polysaccharide intake compared to a population with 
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Italian diet [25]. It was also decreased more steeply in carbohydrate-restricted diet 
compared to the fat-restricted regimen in the weight loss study by Ley et al. (2006) [3]. 
In this study, there is a trend that Bacteroidetes is enriched in individuals with higher 
consumption of whole vegetable (kangkung, nutritional value in Appendix 1.11.1) along 
with poultry (chicken, nutritional value in Appendix 1.11.4). This finding is consistent 
with observations by Kelder et al. (2014), which reported diet-induced alteration of 
Bacteroidetes (and Bacteroidaceae) is correlated higher host carbohydrate oxidation 
rate in individuals fed with high-carbohydrate/high-fat diet [168]. Increase of 
Bacteroides abundance, a major Genus in Bacteroidetes, coincide with higher intake 
frequency of grains (rice, nutritional value in Appendix 1.11.3) in the Balinese. Although, 
the pattern is not strong (Figure 2.21.c, Appendix 1.14). In addition, according to the 
FFQ PCA (see Figure 2.21), individuals who consumed less of these items (but more 
of tempeh) were marked with enrichment of Firmicutes, Verrucomicrobia, and 
Proteobacteria. This result is consistent with the co-occurrence network analysis (see 
Figure 2.25.a), which showed that enrichment of Firmicutes is generally associated with 
reduction of Bacteroidetes. Notably, three out of five obese individuals belong to the 
low-vegetable-low-chicken-high-tempeh group. Collectively, the data in the Balinese 
showed a convincing trend (although not statistically significant) that the FB ratio was 
linked to the host’s macronutrient intake. However, it is not enough to support that 
higher FB ratio is a generic signature of obesity. 
Another possible explanation is that “founder effect” (where the antecedent microbiota 
community critically determines the outcome of post-intervention community assembly) 
is preventing community shift, so that the FB ratio is unchanged in some individuals. 
Founder effects have been previously observed in humans in other studies, such as in 
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the succession of gut microbiota community in post-weaning preterm infant [169]. 
Some evidence for this can be observed in the Phylum-level network analysis of the 
Balinese microbiota; where the co-occurrence relationship between Firmicutes and 
Bacteroidetes vary according to the structure of the existing microbiota community (see 
Figure 2.21.e-f). Firmicutes and Bacteroidetes was found with strong positive 
correlation in individual with Prevotella-enriched community; whereas the correlation 
was strongly negative in individuals with Bacteroides-enriched community. Therefore, 
it appears that the competition/cooperation pattern between Firmicutes and 
Bacteroidetes (and the likelihood for their abundance to shift) is modulated by the 
presence of other microbes in the gut. Thus, the data indicates that rather than being 
a marker of obesity, perhaps it is more appropriate to consider the FB ratio as an 
outcome of altered community dynamics. 
 
2.4.3. Enterotype-like patterns 
Although no significant Phylum-level difference between obese and lean Balinese was 
found in this study, Bacteroides and Prevotella (the two most abundant Bacteroidetes 
genera in the Balinese microbiota) were significantly anti-correlated with each other. 
This observation is in agreement with previous reports [8,11,108,170]. The trade-off 
between Bacteroides and Prevotella seem to have an influence over the overall 
composition of the gut microbiota, giving rise to two types of microbiota community in 
the Balinese microbiota; one that is Bacteroides-enriched (the Type-1 cluster) and 
another that is Prevotella-enriched (the Type-2 PCoA cluster). The characteristic of 
these clusters displays similarity to the enterotype-1 (Bacteroides-enriched) and 
enterotype-2 (Prevotella-enriched) described by Arumugam, et al. (2011) [20]. These 
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clusters were also found associated with obesity (see Section 2.3.6). The Type-1 
(Bacteroides-enriched) cluster of the Bali microbiota is associated with lean-
phenotypes; whereas obese individuals have the Type-2 (Prevotella-enriched) 
community. 
The family-level network analysis (see Section 2.3.9.2) revealed that the co-occurring 
patterns in the Type-1 and the Type-2 microbiota clusters are distinct from each other; 
despite the two clusters being relatively similar in terms of taxonomic profile (Table 2.8). 
The uniqueness of the co-occurrence/competitive relationship between enterotypes 
suggest that the community are robust and stable; possibly founded by different long-
term drivers (e.g. ethnogeography [11], or long-term diet pattern [24]). Studies showed 
that enterotypes are stable, having the resistance to community shift from short-term 
diet alterations [8,171]. Therefore, my hypothesis is that enterotypes can exert a strong 
‘founder effect’, on which the outcome of a response to environmental stressors (e.g. 
altered diet, stochastic events) is dependent on the antecedent microbial community. 
Evidence for this has been discussed above, where the association between the FB 
ratio and obesity is not found because the relationship between Firmicutes and 
Bacteroidetes (to utilise dietary substrates) are different between the Type-1 and the 
Type-2 communities (see Section 2.4.2). 
Two factors that can drive community assembly in these enterotypes are long-term diet 
and host genotype. A long-term ‘archetypal’ diet implies fundamental differences in 
food availability and acquisition strategy that are stable at a particular time or location 
(e.g. industrialised agriculture, pastoral community, hunting/foraging). Hence, 
enterotypes have shown to be distinct between urban and rural population (further 
discussion on this in Chapter 4). Another notable ‘long term’ driver of community 
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assembly in the gut microbiota is host genotype, which will be discussed later with 
respect to mtDNA haplotypes. 
Diet rich in plant-polysaccharide have been associated with Prevotella-dominated 
community [8,24]; particularly in rural populations compared to urban populations [11–
13,25]. On the other hand, high consumption of protein is associated with enrichment 
of Bacteroides and depletion of Prevotella [51]. And, Bacteroides-enriched enterotype-
1 was reported enriched under animal-based diet regime [8], which seem to fit the diet 
profile of urban/western/industrialised populations [100,101]. 
Although no significant association was detected between Enterotypes and diet, this 
study found that Prevotella is predominantly enriched in individuals with low-chicken-
high-tempeh or low-chicken-high-rice FFQ patterns (see Figure 2.21). Particularly, all 
5 obese individuals in this study fit into either one of these patterns; and 4 out of 5 pre-
obese individuals fit to the former pattern (low-chicken-high-tempeh). This data 
suggests a connection between the Enterotype, diet-pattern, and obesity. One 
hypothesis that may arise from this observation is that Prevotella in obese individuals 
may be responding to higher caloric intake – due to tempeh and rice having higher 
energy density compared to chicken (see Appendix 1.11.1 to Appendix 1.11.4).  
Another hypothesis is that the ‘quality’ of the protein intake in lean and obese Balinese 
could be different, which seems to fit with the current knowledge that Prevotella 
enrichment and individuals with enterotype-2 is predominantly found in individuals 
living in developing countries [11–13], which have been noted for higher intake of plant-
based protein instead of animal-based protein [100].  
Proving both of these hypotheses, however, is beyond what the FFQ data in this study 
allow, due to the limited qualitative assessment of the FFQ in this study. The 
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implemented FFQ is essentially a census of food items frequently consumed by the 
study subjects. Although this proved to be advantageous with regards to time and 
circumstantial constraints in challenging sampling environments, it did not faithfully 
record cooking methods and portion size of the meals consumed. Both of these factors 
can affect energy density, total caloric load, and nutritional quality of food. Therefore, 
further studies that record food intake in more detail (e.g. time, size, nutritional quality) 
is required to test these hypotheses. In sum, these findings support that lifestyle, 
particularly long-term diet patterns, were drivers of community assembly in the gut 
microbiota, giving rise to the enterotypes. Moreover, ‘founder effect’ exerted by the 
enterotypes may modulate the association between lifestyle (e.g. low-protein/high-
carbohydrate diet) with obesity.  In conclusion, these findings showed that the risk of 
developing obesity in humans is partially related to the interaction between the gut 
microbiota and the host’s lifestyle factors.  
2.4.4. Ethnogeography patterns 
In the science of population genetics, single nucleotide polymorphisms (SNPs) in the 
mitochondrial DNA are often used as molecular markers to infer ancestral origin and 
geographical localities of human populations. These SNPs are well documented and 
used to determine major branches in the mtDNA phylogenetic tree, which were named 
as specific haplogroups (Appendix 1.12, or see url: http://www.mitomap.org/ for full 
mtDNA phylogenetic tree). Owing to their broad biological, geographic, and cultural 
associations [124], it is unsurprising that a number of major mtDNA haplogroup showed 
significant association with the gut microbiota [10]. 
The mtDNA haplogroups of Balinese individuals showed notable association with 
Bacteroides and Prevotella abundance. More individuals with R macro-haplogroup 
- 99 - 
 
(particularly RF and RR haplogroup) have the Type-1 microbiota cluster (Bacteroides-
enriched). Whereas individuals with MD haplogroup all have the Type-2 microbiota 
(Prevotella-enriched). The association between mtDNA haplotypes and 
Bacteroides/Prevotella trade-off had been previously observed by Ma et al. [10]. The 
study by Ma et al. found that Bacteroidaceae was significantly enriched in individuals 
with RB, RF compared to those with NI, NW, NX haplogroups. Moreover, the enrichment 
of Bacteroidaceae was accompanied with higher prevalence of Prevotella-enriched 
enterotype in NI, NW, NX (Europeans) individuals compared to RB and RF (Asians). 
Interestingly, subjects with European haplogroups RHV have lower 
Prevotella/Bacteroides ratio than those with NI, NW, NX haplogroups in the Ma et al. 
study. Thus, the result of this study shared similarities with Ma et al. in that Bacteroides 
is enriched in individuals harbouring an R haplogroup, while Prevotella was enriched 
in individuals with non-R haplogroup6. 
The Balinese individuals with non-R haplogroup (predominantly Prevotella-enriched) 
have higher BMI, waist circumference, and waist-to-hip ratio than those with R 
haplogroup (Figure 2.22). Therefore, this data suggests that individuals with non-R 
haplogroup and Prevotella-enriched microbiota may have elevated risk of developing 
obesity.  
Previously, the importance of ‘founder’ community has been discussed as a factor that 
can modulate microbiota response to external stimulation (e.g. altered diet); thus, it can 
alter the obesity-associated patterns in the microbiota. Collectively, this suggests that 
                                                
6 The R haplogroups arose 66,000 years before present, and its distribution is wide-spread across the 
world. The defining SNP that differentiate R and non-R haplogroups is the C16223T mutation at the 
mtDNA control region (Appendix 1.15).  The T variant is shared by Asian haplogroups MD and European 
haplogroups NI, NW, NX (enriched in Prevotella in this study and Ma et al.); whereas the C variant of this 
mutation is shared by Asian haplogroups RF, RR, and RB and European haplogroups such as RJ, RT, 
RUK, and RHV (enriched in Bacteroides in this study and Ma et al.) [130].  
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a link may exist between mtDNA geographic distribution with enterotypes, which confer 
with disease predisposition. Particularly, disease prevalence in a population is more 
likely to increase when the combination between host genotype and lifestyle ‘allow’ the 
gut microbiota community to shift in response to risk factors (e.g. altered lifestyle). 
2.4.5. Other microbial patterns 
There are not many outstanding Family/Genus level differences between the 
microbiota of obese and lean Balinese except for the ones that have been mentioned 
above (see 2.4.1 to 2.4.4.). But some patterns are consistent with previous reports. 
Take for example the respective trade-off between Ruminococcaceae and 
Veillonellaceae in lean and obese Balinese. In the study, obese subjects were enriched 
with Veillonellaceae genera Dialister and Megasphaera, which have been previously 
found associated with gut inflammation and high BMI [7]. The direction of causality 
between members of Veillonellaceae and gut inflammation is undetermined, and 
requires further investigation. On the other hand, lean individuals were enriched in 
microbes associated with degradation of complex carbohydrate which produce SCFA 
(Ruminococcaceae, Roseburia) [76]. SCFA, however, were not measured in this study; 
thus, enrichment of known SCFA producers does not mean that these individuals have 
higher content of SCFA in their body. Collectively, these findings support the classic 
notion that microbial degradation of complex polysaccharide that produce SCFA 
(particularly butyrate) promote healthy gut-barrier function and protect human against 
chronic-low grade inflammation and adiposity [43]. 
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2.4.6. Significance of findings and recommendations for future 
study 
In conclusion, the findings in this study have provided a compelling link between diet, 
gut microbiota, host genetic, and obesity in humans. Importantly, the role of ‘founder’ 
community (e.g. enterotypes) in facilitating gut microbiota association with disease is 
highlighted. Ethnogeography patterns can modulate risk of developing lifestyle-related 
disease, not only due to differences in genetic predisposition (e.g. mtDNA), but also 
because the lifestyle (e.g. diet). With regards to the gut microbiota, both genetics and 
lifestyle of certain populations may promote the establishment of a ‘founder’ community 
that adds to the disease predisposition. There is a trend that obesity risk is elevated in 
Balinese individuals with Prevotella-enriched microbiota, and particularly amplified in 
individuals with non-R mtDNA. These findings needed to be confirmed in a larger cross-
sectional study that sampled the faecal microbiota of people from different populations, 
ideally with distinct cultural and ethnic background. 
There are a few limitations in this study that needed to be addressed for the benefit of 
future works in this topic. Firstly, the samples only consist of young female individuals 
(age 18 to 27), all of them are ethnically Balinese. Thus, the association between 
Prevotella-enriched community with obesity may be specific to these particular sample 
characteristics. Secondly, the number of obese samples is significantly fewer than lean 
samples. To increase the confidence of the analysis, wider subject recruitment and 
targeted sampling strategies is recommended in future studies. Thirdly, the increased 
obesity prevalence among Prevotella-enriched individuals with connections to FFQ 
may be specific to the diet profile of the Balinese, since no other types of diet was 
analysed in comparison. Moreover, the limited qualitative nature of the FFQ, which 
does not allow for portion sizing and quantitative nutritional assessment, is specific to 
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this study. The implemented FFQ was designed in consideration of time and 
circumstantial constraints during sample collection. If FFQ is to be used in future 
studies, some modifications are advisable. Particularly, standardised information 
regarding portion size is ideally included and informed to the interviewee (preferably 
with life-sized pictures). For future population-wide cross-sectional study, FFQ is still 
recommended since it is the most effective in terms of labour and cost. Finally, 
metabolic activities of the gut microbe are not addressed in this study. Although this 
could be inferred from the 16S rRNA gene sequences by using bioinformatics tools 
such as Phylogenetic Investigation of Communities by Reconstruction of Unobserved 
States (PiCRUSt), this analysis relies on previously characterised metabolic pathways. 
So ideally, the metabolic activities of the Balinese microbiota should be explored with 
whole-genome metagenomics sequencing or a metabolomics assay since this both of 
these approaches are more representative to the microbial community. 
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CHAPTER 3 
Meta-analysis of the human gut microbiota  
reveals association with degree of urbanisation 
 
3.1. Introduction 
The diet pattern of a person is inherent of their personal (ethnic, cultural, and societal) 
background. Although the importance of individual diet on microbial community 
assembly has been frequently reported, less is understood on how much a person’s 
background can influence the microbiota (see Chapter 1). Recent studies found that 
the prevalence of human microbiota enterotypes varies significantly between urban and 
rural populations [11–13]. The enterotype-2 (Prevotella-enriched) is more prevalent in 
rural human populations; whereas enterotype-1 (Bacteroides-enriched) is more 
common in urban population. Urbanisation is potentially a strong factor that drives 
microbial community assembly at population level. The analysis of Balinese gut 
microbiota in Chapter 2 supports this: Bali is an emerging urban population; and the 
two enterotypes (enterotype-1 and enterotype-2) are equally prevalent in Bali (see 
Figure 2.17 in Chapter 2). 
Diet is one of the many aspects of human lives that is strongly altered by urbanisation. 
A characteristic difference between rural and urban populations is access to 
Industrialised Food Supply Chain (IFSC). One of the consequences of IFSC is altered 
nutritional profile in human diet, especially the composition and proportion of 
macronutrients [100,101]. Figure 3.1. conceptualise the relationship between 
industrialisation and altered macronutrient profile (composition and proportion) in 
human diet. 
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 Figure 3.1. Industrialised Food Supply Chain (IFSC) alters human diet. The arrows 
represent historical development of IFSC and its impact on macronutrient profile (composition and 
proportion). a: Industrialised agriculture (blue) alters plant-based carbohydrate and protein profile in 
human diet. Carbohydrate profile is being altered through increased intake of energy-dense crops, which 
contain higher/simpler storage polysaccharide and less/simpler plant cell wall materials (e.g. improved 
cereals). Similarly, protein profile is being altered through cultivation of legumes, which provide alternative 
protein source to hunting wild animals. Effect of industrial agriculure is particularly apparent in newly-
industrialised countries such as India and Indonesia, where dahl and soybeans are the staple protein 
sources [100,109]. b: Industrialised animal husbandry (orange) alters macronutrient profile through 
increased consuption of meat and dairy products. Increased meat consumption also increases the 
propotion of protein and fat in the diet. Similarly, increased dairy consumption alters macronutrient profile, 
adding milk oligosaccharides, casein, and milkfat to the human diet (see url: 
http://tinyurl.com/usdawholemilk). Increased consumption of meat and dairy products were particulary 
noted in western societies [100,101]. Effects of IFSC and industrialisation on micronutrient contents are 
not shown in this figure. 
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As seen in Figure 3.1, industrialisation shifts macronutrient profile in human diet 
through alterations of the nature and consumption pattern of plant and animal products. 
Interestingly, the enterotype-1 and enterotype-2 have been found associated with 
animal-based and plant-based diet [24]. This association is presumably linked to 
Prevotella’s aptitude in carbohydrate degradation in exchange of Bacteroides’ higher 
capability to utilise protein and fat [8,24]. This notion seems to fit with the distinct diet 
conventions of non-western and western societies [101]; or more accurately, in pre-
industrial and industrial societies [100,109]. 
I propose that the microbial community assembly between rural and urban populations 
may be driven by different co-operative and competitive interactions for degradation of 
dietary macromolecules. Specialisation in certain set of dietary intake may 
subsequently alter substrate availability in the gut. Thus, we might expect that the 
microbiota of pre-industrial and industrial societies to differ in competitive dynamics. 
Competitive relationship between microbes have been noted to strongly direct  
microbial community assembly, leading to the formation of stable microbial community 
[172]. The association between the enterotypes and long-term diet patterns [24], but 
not short-term diet alterations [8,24,171], may also be taken as an indication of the 
importance of the stability of competitive dynamics in the microbiota.    
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Notably, previous population-level studies of the human gut microbiota commonly took 
samples from geographically distinct populations at the two extremes of urbanisation 
[11–13]. Since human diet can be just as strongly influenced by ethnogeography7 as 
with industrialisation, the impact of lifestyle/urbanisation on microbial community 
assembly could not be distinguished from the impact of culture and geography. To 
address this, the microbiota of various human populations with differing levels of 
urbanisation needs to be sampled. 
In this chapter, the microbiota of individuals in Bali is included in a meta-analysis 
consisting of samples from other (geographically distinct) rural and urban populations. 
The aim is to extricate the influence of lifestyle factors (e.g. urbanisation) involved in 
microbial community assembly at population-level, which are not associated with 
differences in ethnogeography. 
 
  
                                                
7 Ethnogeography may also exhibit strong impact on a person’s diet and a population’s diet pattern. For 
instance, in a population with strong Hindu influences, cattle consumption may be minimal (e.g. as we 
have seen in the Balinese, see Chapter 2). Geography may influence food availability, particularly in 
the different types of available crops in agriculture.  
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3.2. Methods 
3.2.1. Sample and studies selection 
The studies and subjects included in this meta-analysis were selected with the following 
criteria: (1) subjects were over 18 years of age; (2) studies were cross-sectional 
(subjects received no treatments); (3) lifestyles data were available for the study (e.g. 
environmental setting, food acquisition strategy). The faecal microbiota of the 
individuals from Bali was obtained as described previously in Chapter 2. Three 
additional studies were included: Yatsunenko et al., who sampled populations in the 
USA, Malawi, and Venezuela [11]; Schnorr et al., who sampled populations in Italy and 
Tanzania (Hadza tribe) [12]; and Martinez et al., who sampled populations in the USA 
and Papua New Guinea (PNG) [13]. In total, this meta-analysis encompassed 324 
individuals: 41 from Bali (from Denpasar City, Indonesia), 21 from Malawi (2 rural 
communities), 28 from Venezuela (2 Amerindian villages in the Amazonas state), 40 
from Papua New Guinea (2 rural villages), 27 from Tanzania (2 Hadza tribe camps), 
151 from the USA (Boulder, St. Louis, Philadelphia, and Nebraska), and 16 from Italy 
(Bologna). The sampling locations for these subjects were depicted in Figure 3.2. 
(exact geographical positions in Appendix 2.1). 
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 Figure 3.2. Populations included in the meta-analysis. A: 41 Bali individuals 
from Denpasar City, Indonesia (see Chapter 3). B: 129 USA (Boulder, St. Louis, 
Philadelphia), 21 Malawi (Mayaka/Mbiza rural communities), and 28 Venezuela 
(Platanillal/Coromoto villages) individuals from a study by Yatsunenko, et al. (2009) [11].  
C: 40 Papua New Guinea (Asaro/Sausi villages) and 22 USA (Nebraska) individuals from 
a study by Martínez, et al. (2015) [13]. D: 27 Tanzania (Hadza hunter-gatherer camps) and 
16 Italy (Bologna) individuals from a study by Schonrr, et al. (2014) [12]. n, the number of 
sampled individuals in each population. For details on the geographical locations, see 
Appendix 1. 
 
For the Bali population, 16S rRNA V4 gene sequences of the faecal microbiota were 
acquired as described previously (see Chapter 2). For the other populations, faecal 
microbiota 16S rRNA gene sequences were downloaded from MG-RAST public  
(open-access) database (see url: http://metagenomics.anl.gov/) [173,174]. Metadata 
(Table 3.1) for these studies were collected primarily from the respective MG-RAST 
project page and the original publication. Other texts were also consulted to give 
context and clarify the lifestyle of the populations, particularly in reference to food 
supply in the area [17,18,175,176]. 
- 109 - 
 
Table 3.1. Studies included in the meta-analysis 
Population [Reference] 
(Location details) n 
MGRAST 
ProjectID 
BMI in 
Metadata? 
16S 
rRNA 
region 
Primers Sequencing Technology 
Life-
style* Food supply 
Bali [this study] 41 N/A  V4 515f / 806r [140] MiSeq 
semi-
urban 
IFSC,
local 
cultivation 
Malawi [11] 21 mgp401  V4 515f / 806r [140] HiSeq rural 
local 
cultivation 
[175] 
Venezuela [11] 28 mgp401  V4 515f / 806r [140] HiSeq rural 
hunt, forage 
[18] 
PNG [13] 40 mgp10381  V5 – V6 784f / 1064r [13] MiSeq rural 
local 
cultivation [13] 
Tanzania[12] 27 mgp7058  V4 520f / 802r [12] 454 pyrosequencing rural hunt, forage [12,176,177] 
United States[11]
(Boulder, St. Louis, Philadelphia) 129 mgp401  V4 
515f / 806r 
[140] HiSeq urban IFSC 
United States[13] 
(Nebraska) 22 mgp10381  V5 – V6 
784f / 1064r [13] MiSeq urban IFSC 
Italy[12] 16 mgp7058  V4 520f / 802r [12] 454 pyrosequencing urban IFSC 
* Lifestyle  was inferred according to food supply strategy (last column). If a population is highly dependent on IFSC, it is considered an urban settlement.  On
the contrary, if a population have limited access to IFSC and thus are dependent on locally grown food, or hunting/foraging culture, it is considered a rural
settlement. Technically, Bali should be considered an urban population, but since the degree of development in this location is still below the USA and Italy, it is
categorised as semi-urban. IFSC, Industrialised Food Supply Chain. 
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3.2.2. Data analysis 
As seen in Table 3.1, the studies differ in sequencing technologies and amplified 
regions of the 16S rRNA gene sequences. Particularly, samples from Italy and 
Tanzania were sequenced using 454 pyrosequencing while the rest used Illumina-
based technology. Additionally, samples from Papua New Guinea and Nebraska were 
sequenced at V5 – V6 region of the 16S rRNA gene; whereas the rest were sequenced 
at V4. For computational efficiency and optimal OTU-picking, I decided to process 
these sequences separately by population at an OTU-level, until taxonomy assignment 
had been performed the identified OTUs (OTUs was identified at 97% sequence 
similarity) (Figure 2.3). Thereafter, the OTUs were binned into Assigned Taxonomy 
Units based on their assigned species. Finally, ATU tables were generated for each 
population, then merged into a single meta-population ATU table for further analysis. 
These steps were performed using QIIME (ver. 1.9.1 64-bit, complete installation 
[143,149]). The details of each step in this process is as follows: 
3.2.2.1. Sequence processing at OTU-level  
This step was separately processed for each population. Chimera filtering was done 
using usearch61 with default parameters; this detects and removes both de novo and 
reference chimeric sequences (reference detection used Greengenes reference 
sequence ver. 13.8 [178]). Thereafter, uclust was used to cluster the sequences at 97% 
similarity; by employing the open-reference OTU-picking strategy (see Chapter 3). 
Greengenes (ver. 13.8) was used for reference-based OTU clustering. Singleton OTUs 
were then removed from the generated OTU table (output in Appendix 2.2). Further 
OTU filtering was performed to remove OTUs that have low abundance and low 
ubiquity (see criteria and output of this filtering step in Appendix 2.3). A representative 
sequence for each OTUs was picked, and a taxonomy was assigned via the RDP 
- 111 - 
 
Classifier [150] at 80% similarity to Greengenes (ver. 13.8). Unassigned OTUs were 
discarded. Next, sequence count in the OTU tables were binned at species-level to 
create Assigned Taxonomic Unit (ATU table, see Appendix 2.4 for visual 
representation). 
 
3.2.2.2. Microbial community analysis and visualisation  
ATU tables from all populations were merged to create a meta-population ATU table 
(Appendix 2.4). To compare the microbiota of samples from different populations, beta-
diversity analysis was performed via Principal Coordinate Analysis (PCoA) based on 
unweighted Unifrac distance [179]. The main reason for using the unweighted Unifrac 
distance instead of the weighted Unifrac distance was because it is the simpler method 
that minimise methodological differences between studies (since the unweighted 
Unifrac is less sensitive individual differences in relative abundance). The unweighted 
Unifrac had also been noted to be more reliable for whole-population analysis [179]. 
Prior to Unifrac calculation, samples were rarefied to 1500 sequence reads per sample. 
The Unifrac calculation used a phylogenetic tree created from Greengenes reference 
sequence (ver. 13.8). To compare taxonomic abundance between the populations, the 
meta-population ATU table was summarised at Phylum, Class, and Genus level. Only 
taxa that have >0.1% abundance of total sequence (after rarefaction at 1500 
sequence/sample) are shown in the graph. All statistical tests and data visualisations 
were performed using statistical software R (ver. 3.3.0), with the following packages: 
vegan (ver. 2.3-5), ggplot2 (ver. 2.1.0), dplyr (ver. 0.4.3), and reshape2 (ver. 1.4.1). 
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 Figure 3.3. Sequence processing and analysis pipeline. A: 16S rRNA gene sequences 
were obtained via DNA extraction from faecal samples (only for Bali population, see Chapter 2); 
sequences of other populations were downloaded from MG-RAST. B: The sequences were processed 
separately by population to identify OTUs at 97% similarity and to be eventually pooled at species-level 
to obtain ATU table. C: ATU tables from all populations were merged to obtain a meta-population data to 
be further analysed. ATU: Assigned Taxonomic Unit. 
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3.3. Results 
3.3.1. Enterotypes are associated with degree of urbanisation 
Urbanisation, which goes hand in hand with industrialisation of food supply, is 
associated with the gut microbiota; particularly, for Prevotella and Bacteroides 
abundance. To begin with, PCoA of the unweighted Unifrac distance matrix showed 
that the microbiota community of individuals from one population are more similar to 
each other than with individuals from different populations (Appendix 2.5.a). However, 
the trend with the spectrum of urbanisation was stronger. Individuals from rural 
populations (Malawi, Venezuela, Tanzania, PNG) and western-urban population (the 
USA, Italy) were more similar with each other (Figure 3.4). The urbanisation gradient 
aligned with the distribution of samples on MDS1; which explained the highest variance 
in the data (18.4% of the total variations). This result indicates that the microbiota was 
different between urban and rural population. Interestingly, the microbiota of individuals 
in Bali (which is an urban population but not as westernised as Italy and the USA) was 
in-between the rural and the urban populations. 
The second highest variance in the data (MDS2, 11.4%) aligned with the different 
sequencing regions between the studies. Particularly, individuals from PNG and 
Nebraska (USA), that were sequenced using 784f / 1064r primers (V5-V6 of the 16S 
rRNA gene), were at the positive side of y axis, whereas other studies that used primers 
for V4 region were at the negative side of y axis (Appendix 2.5.a). Notably, there may 
be other methodological differences between the populations that can contribute to the 
variance between samples, such as in DNA extraction method and storage conditions.  
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 Figure 3.4. Human gut microbiota was associated with urbanisation. The 
graph displayed the result of PCoA which depict distance between samples based on individual 
species composition. Distance between data points represent similarity/dissimilarity between 
individual microbiota based on species composition and phylogenetic relationship between 
ATUs. Data points represent an individual coloured by the lifestyle of each population (see 
legend). The shapes of the data point followed obesity (BMI) catergory: ● , lean (BMI < 25); ■, 
pre-obese (BMI 25 – 30); ▲, obese (BMI > 30). PCoA: Principal Coordinate Analysis. ATUs: 
Assigned Taxonomic Units. 
 
To discount the confounding influence of primer bias, another PCoA was performed 
with a subset of the data that only contained samples sequenced with 515f/805r 
primers. Thus, the subset analysis include only samples from Malawi, Venezuela, and 
USA, from the study by Yatsunenko et al. (2009) [11]; and the Bali samples from 
Chapter 2. The result showed that the trend between urbanisation and microbiota was 
even stronger without the primer bias (Figure 3.5.a, Appendix 2.5.b). Spectrum of 
urbanisation aligned with samples distribution along both MDS1 and MDS2; which 
explained a total of 49.9% of variance in the data (35.9%  and 14% for MDS1 and 
MDS2, respectively). The Bali population was once more in between rural and urban 
populations. Analysis of Similarity (ANOSIM) found this trend moderate and significant 
(R=0.515, p-value < 0.001, permutation = 9999). Moreover, environmental fitting using 
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the relative abundance of Prevotella and Bacteroides showed significant correlations 
with spectrum of urbanisation. Particularly, Prevotella was more enriched in samples 
from rural populations (and in some of the Bali individuals, as seen in Chapter 2). This 
trend was also observed in the full dataset (Appendix 2.5.c). 
Given Chapter 2’s findings, that highlight possible trends between Prevotella and 
Bacteroides abundance with obesity, environmental fitting was also performed with BMI 
values (Figure 3.5.b). Although BMI showed a trend of being higher in western 
societies, no significant association was detected in the microbiota community. This 
lack of association was supported by Permutational Multivariate Analysis of Variance 
(PERMANOVA, p-value > 0.05). 
 Figure 3.5. Prevotella/Bacteroides gradient was associated with urbanisation. 
A subset of samples sequenced with 515f / 806r primers was used for PCoA on unweighted 
Unifrac distance matrix. Distance between data points represent similarity/dissimilarity between 
individual microbiota based on species composition and phylogenetic relationship between 
ATUs. a: Relative abundance of Prevotella and Bacteroides relative abundance was fitted onto 
the plot using vector regression [158] (correlation significance: ***, p-value < 0.001; ns, not 
significant). Data points represent individuals, coloured by the lifestyle of each population (see 
legend). The shapes of the data points reflect obesity catergory: ○ , lean (BMI < 25); □, pre-
obese (BMI 25 – 30); ▲, obese (BMI > 30). b: Identical plot to Figure 3.5.a, but fitted with 
continuous BMI vector (significance: ns, not significant); and the data points were coloured by 
BMI category: white, lean; grey, pre-obese; black, obese. PCoA: Principal Coordinate Analysis. 
ATUs: Assigned Taxonomic Units. 
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3.3.2. Differences in taxonomic abundance between populations 
To further investigate the differences in the faecal microbial community between the 
populations, taxonomic abundance profiles were generated and compared at Genus 
and Family-level. First, the Prevotella and Bacteroides abundance in the pan-
microbiota (pooled sequences by population) were compared (Figure 3.5). The pan-
microbiota of rural populations was more enriched in Prevotella; urban populations 
were more enriched in Bacteroides, and the Bali population was equally enriched in 
Prevotella and Bacteroides. These findings are in agreement with the results found 
through PCoA (see above). 
There was noticeable lower abundance of both Prevotella and Bacteroides in 
populations sequenced at V5-V6 region of the 16S rRNA gene (PNG, USA Nebraska), 
compared to those which were sequenced at V4. Notably, sequences amplified at V5-
V6 regions had significantly lower species richness (Appendix 2.6), and lower 
Shannon’s diversity (Appendix 2.7). All of these are evidence that the microbial 
abundance profile was subject to variations due to methodological differences between 
studies. However, the association between Prevotella/Bacteroides and rural/urban 
populations were not affected by this methodological bias. 
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 Figure 3.5. Prevotella/Bacteroides abundance differed between populations. The sequences of all individuals was pooled by population 
and compared with one another. Bali, Malawi, Venezuela, and USA (Boulder, St. Louis, Philadelphia) was sequenced using 515f/806r that target V4 region of 
the 16S rRNA gene. On the other hand, Italy and Tanzania population used 520f / 802r primers that targets V4 region, whereas PNG and USA Nebraska 
population used 784 / 1064r primers targets V5-V6 region
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In further analysis at family-level, it was found that in Bali, the number of individuals 
more enriched in Prevotellaceae were approximately equal to those more enriched in 
Bacteroidaceae (Figure 3.6). Thus, the apparent equivalent abundance of Prevotella 
and Bacteroides in the Bali pan-microbiota was due to a divergence of individual 
microbiota into a Prevotellaceae-enriched or Bacteroidaceae-enriched community 
(Figure 3.6, top left; see also Figure 2.17 in Chapter 2). This feature of the Bali 
microbiota is in contrast to the other individuals from rural and urban population; in 
which most individuals in urban populations (USA, Italy) were Bacteroidacea-enriched; 
whereas most individuals in rural populations were Prevotellaceae-enriched. 
There are other notable differences in the microbiota of urban and rural populations 
where microbial association with urbanisation is uncertain due to possible 
methodological bias. Gammaproteobacteria was found to be enriched in rural 
populations and Bali, but the enriched families were different between populations. 
Succinivibrionaceae was enriched in individuals from Malawi/Venezuela/Tanzania; 
Enterobacteriaceae and Oxalobacteriacae in PNG; and Enterobacteriaceae in Bali 
(Appendix 2.8). Actinobacteria was enriched in individuals from urban settlements and 
PNG, also with different enriched families between the populations (Appendix 2.8). 
Bifidobacteriaceae was more abundant in individuals from Italy; whereas 
Coriobacteriaceae was enriched in individuals from USA Nebraska and PNG (both 
were sequenced at V5-V6 region of the 16S rRNA gene). (3) There was also an 
enrichment of Streptococcaceae in individuals from PNG unseen in the other 
populations.
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 Figure 3.6. Microbial family abundance by populations. Individual relative abundance profile at family-
level was grouped by populations and sequencing regions. Samples were ordered (left to right) according to the sum of 
all Firmicutes family (see legend). For USA (V4), 30 samples were randomly picked (the full dataset consisting of 129 
samples is available in Appendix 2.9). Taxonomy were assigned based on Greengenes reference v.13.8.
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3.4. Discussion 
 
To explore the impact of urbanisation on the human gut microbiota, this meta-analysis 
compared the faecal microbiota communities of individuals from Bali, a semi-urban 
population, with other urban/rural populations across the world. The analysis showed 
that human populations with distinct lifestyle/food supply (which reflect different levels 
of urbanisation) have characteristic differences in microbiota. The strongest signal of 
this is the trade-off between Prevotella and Bacteroides; most urban individuals are 
more enriched in Prevotella while depleted in Bacteroides. The ratio of 
Prevotella/Bacteroides (PB ratio) is reversed in individuals from urban populations. On 
the other hand, individuals from Bali have a dichotomous microbiota: there are an 
almost equal number of Prevotella-enriched and Bacteroides-enriched individuals in 
the population. This pattern is consistent with previous reports that Prevotella-enriched 
enterotype-2 is more prevalent in rural populations, whereas Bacteroides-enriched 
enterotype-1 is prevalent in urban populations [11]. 
Enterotypes are believed to be linked to long-term diet patterns [24]. The alignment of 
the Prevotella/Bacteroides gradient with the degree of urbanisation suggests a close 
tie with alteration of human diet due to IFSC. As discussed above, urbanisation goes 
hand in hand with industrialisation of food supply, which altered the macronutrient 
profile in human diet (as elaborated previously in Figure 3.1). In the previous analysis 
of the microbiota in Balinese individuals (see Chapter 2), enrichment of Prevotella 
versus Bacteroides was shown associated with host’s diet. The duality of Prevotella 
and Bacteroides may be linked to their metabolic divergence for utilising carbohydrate 
and protein, since it is associated with the consumption frequency of rice, vegetables, 
- 121 - 
 
 
tempeh, and chicken meat. So, it is highly plausible that one of the key drivers of 
Prevotella/Bacteroides enrichment in the microbiota of individuals in rural and urban 
populations is also associated with carbohydrate/protein profile in the diet of these 
individuals. 
 
3.4.1. Industrialisation creates a gradient of altered 
carbohydrate/protein profile 
In terms of diet composition, studies in western societies reported that the rise of the 
agriculture industry have impacted the macronutrient (carbohydrate, protein, fat) 
proportion and fibre intake in human diet [101,180]. Low-fibre plants have become 
carbohydrate sources (e.g. white rice, potatoes, white bread). In addition to that, people 
in urban population also have the luxury to snack on “empty calorie” food (high in simple 
sugar and low in nutrients, e.g. baked goods). Furthermore, as it has become 
significantly easier to incorporate meat and dairy products into the diet, milk protein, 
oligosaccharide, and fat consumption has increased. 
Diet in less-industrialised countries is associated with low consumption of meat. As 
protein source, legumes and lentils are typically is less expensive and thus more 
popular than red meat [100,109]. Lentils tend to be high in protein, but also in complex 
carbohydrate. For instance, 100 grams of boiled kidney bean consist of 22.8 % of 
carbohydrate, 6.4% of dietary fibre, 9% of protein, and 0.5% of fat (based on USDA 
database, see url: http://tinyurl.com/usdakidneybean). Legumes are also notably high 
in resistant starch, which contribute to their relatively lower Glycaemic Index [181]. 
Thus, it is generally accepted that the diet of people in developing nations is enriched 
in dietary fibre and complex carbohydrate. 
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In newly-industrialised populations, such as Bali, access to IFSC is relatively 
convenient, but not all of the items commonly consumed in western/industrialised diet 
have become a staple (e.g. dairy and meat). Furthermore, the diet of Balinese 
individuals is still influenced by the local food availability. For example, shopping from 
a traditional wet market is still common. As seen in Chapter 2, the Balinese individuals 
consume chicken and fish more frequently than beef and other red meat (See Table 
2.9 in Chapter 2). The lack of beef consumption is partly due to their religious belief 
(which is Hindu), but also because they are more expensive than poultry and fish.  Rice, 
tempeh, and kangkung are good examples of common local foods. Rice, although high 
in calories, is a source of type-3 resistant starch known as retrograded starch when 
cooled after cooking. Resistant starches are not digested by the host; thus, they are 
accessible carbohydrate substrates for the gut microbiota. Tempeh is fermented soy 
bean, essentially legumes but with a carbohydrate profile resulting from a fermentation 
process. Kangkung is from the spinach family, which is rich in plant-derived fibres. 
Tubers, although they were not in the top 20 most common food consumed by people 
in Bali, is also a notable part of their diet. 
It could be concluded that the diet in rural and urban population reflects a trade-off 
between simple/complex carbohydrate, and also animal/plant-based protein source. 
The diet of Bali individuals represents a unique mixture of the diet in rural and urban 
populations, reflecting their intermediary transition from pre-industrial to industrial 
society. Perhaps this is also why their position in the Unifrac analysis is also in the 
middle of individuals from urban and rural populations. 
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3.4.2. Altered carbohydrate/protein profile is associated  
with enterotype  
Polysaccharide degradation activity has been identified in both Prevotella and 
Bacteroides Genera [82,85,182]. It has been suggested that high carbohydrate intake 
by the host can increase the abundance of both, along with others involved in the 
carbohydrate degradation pathways such as Ruminococcaceae and other 
methanogens [45,82,183,184]. Interestingly, cellulose degrading activity by 
Bacteroides is associated with absence of methane producers in the human gut  [182]. 
Thus, the data suggests that there is a diverse range of carbohydrate degradation 
pathways in the microbiota; which pathways are active likely depends on the 
antecedent microbial community due to the “founder effect”. 
A possible indicator of active polysaccharide digestion by the microbiota is the 
enrichment of Succinivibrionaceae. Some species of Succinivibrionaceae are enriched 
in the gut of ruminating animals (e.g. cattle, sheep), with pronounced SCFA producing 
activities [185]. For instance, Succinivibrio can convert glucose to succinate, formate, 
acetate, and sometimes lactate, but not butyrate and H2 [28]. These microbes, 
however, are surprisingly absent from the microbiota of individuals from urban 
populations (Appendix 2.8). Among the individuals from Bali, Succinivibrionaceae is 
enriched in individuals with Prevotella-enriched ‘enterotype’, which is consistent with 
the microbiota of rural individuals. This data indicates that carbohydrate degradation 
(and thus, SCFA profile) in the gut can be altered depending on which microbiota 
enterotype is supporting the activity. 
In regards to protein, a diet that is low in animal product is often associated with lower 
Methionine content in the diet [99]. Methionine is a highly oxidisable sulphated AA, 
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essential for both humans and microbes. Since people in rural area have less access 
to animal products (either due to cultural/economic constraints or limited accessibility), 
this creates a more severe competition between host and their gut microbiota for dietary 
Met source. One of the characteristic differences between Prevotella and Bacteroides 
is their strategy for methionine biotransformation. Some of the most common 
Bacteroides species in the human gut (e.g. B. fragilis) can express methionine sulfoxide 
reductase that converts methionine sulfoxides back to methionine (Appendix 2.9). 
Methionine sulfoxides would be plentiful in the gut of people with diet high in animal-
products, since most Methionine residues in living organisms are converted to 
methionine sulfoxides via exposure to ROS. On the other hand, Prevotella copri seem 
to specialise in biosynthesis and regeneration of Methionine, particularly in the pathway 
which involve S-adenosylmethionine biosynthesis and regeneration cycle (Appendix 
2.10). Interestingly, the activity of methyl synthase is dependent on Vitamin B12; which 
is enriched in tempeh, a staple food in Indonesia (Appendix 2.11, or see url: 
http://tinyurl.com/usdatempeh). Interesitingly, based on the analysis in Chapter 2, 
Balinese individuals with Prevotella-enriched microbiota was found more prevalent in 
individuals with low frequency of consuming animal-based foodstuff (chicken) along 
with high consumption of tempeh (see Figure 2.21 in Chapter 2). 
In summary, this meta-analysis has provided evidence that the gut microbiota 
enterotypes, which is characterised by trade-off between Prevotella and Bacteroides, 
is strongly associated with the degree of urbanisation in human populations. A likely 
driver of this association is the altered carbohydrate and protein profile brought by 
industrialisation of agriculture and animal husbandry. Since industrialisation is a global 
phenomenon, and is associated with world-wide increase of obesity prevalence, 
understanding the role of urbanisation in community assembly of the human gut 
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microbiota is imperative to identify a globally effective intervention program for obesity. 
Notably, no patterns with obesity is detected with this study; which may be due to the 
lack of information on the subject’s phenotypes. However, it could also be that the 
enterotypes are supporting different mechanisms of obesity due to “founder effect”, 
whereby the success and the outcome of community alteration (e.g. due to altered diet) 
is dependent on the antecedent microbial community. Therefore, future studies also 
need to define the impact of different enterotypes in modulating obesity predisposition 
in an individual as well as in a cross-population studies. The influence of different 
carbohydrate-to-protein ratios in the host’s diet on the gut microbiota also needs to be 
clarified, this can be done using animal models. 
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CHAPTER 4 
Final Discussion 
 
4.1. Introduction 
Understanding the complex relationship between host diet, genetic background, and 
the gut microbiota is important to elucidate obesity pathophysiology. A number of 
interactions between host and the gut microbiota that link to the development of obesity 
in an individual have been established in recent years. In both human and animal model 
studies, microbial markers of obesity have also been proposed, such as decreased 
microbial diversity and Phylum-level differences (e.g. the FB ratio). 
A population-wide management of obesity would likely require a specific knowledge of 
the biology and socio-economy of the targeted population. With respect to this, the 
extent of which microbiota data can be used to inform public health decisions aimed to 
counter the obesity epidemic is not yet known. If it can, then identifying signatures in 
the microbiota that are able to reflect the genetic and environmental landscape of the 
targeted population would be valuable. To achieve this goal, greater understanding of 
the relative importance of dietary, lifestyle (whether cultural or societal), and genetic 
factors in microbial community assembly is needed. 
4.2. Summary and limitations of major findings 
Balinese individuals which harbour Prevotella-enriched microbiotas (similar to the 
enterotype-2 defined by Arumugam et al. [20]) have higher risk of developing obesity, 
compared to those with Bacteroides-enriched microbiota. At the surface, this seem at 
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odds with previous reports that the microbiota of individuals from western societies, 
where obesity is more prevalent, are dominated by Bacteroides [11–13,25]. 
However, further analysis of the Balinese in Chapter 2 and the meta-analysis in Chapter 
3, revealed that enterotype-patterns in the Balinese microbiota is highly consistent with 
previously published reports. Firstly, the enterotypes is strongly linked to long-term diet 
patterns of the host. This notion is in agreement with the findings by Wu et al. [24]. 
Secondly, the trade-off between Bacteroides and Prevotella in the enterotypes were 
associated with the host’s increased consumption of animal and plant products, 
respectively. This notion is also in accordance with the findings by Wu et. al [24] and 
David et al. [8]. Curiously, the diet of obese Balinese (which were consistently high in 
Prevotella) is more plant-based than animal-based (Table 2.10 and Figure 2.21 in 
Chapter 2).  
In Chapter 3, where a multi-population meta-analysis was performed, industrialisation 
(which is related to shifted macronutrient profile through altered intake and 
consumption frequency of animal and plant product), and not obesity, was detected as 
the strongest driver of community assembly of enterotype-1 and enterotype-2. The 
association between urbanisation and the microbiota was apparent in the distribution 
of individuals from Bali in the Unweighted Unifrac ordination, which is clearly in the 
middle of the individuals from urban and rural populations (Figure 3.5 in Chapter 3). 
Notably, in the Balinese, the microbial signatures that corresponded with the 
enterotypes and those that were associated with obesity are not congruent. Obesity is 
associated with increased relative abundance of Veillonellaceae and decreased 
abundance of Ruminococcaceae (Figure 2.15). However, the abundance of these 
Genera were not different between the enterotypes. Inversely, the relative abundance 
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of Prevotella and Bacteroides were not different between obese and lean individuals 
(rather, Prevotella abundance in the obese individuals were consistently high, see 
Figure 2.17). 
Taken together, the findings in this thesis reject the notion that Bacteroides-dominated 
microbiota is associated with obesity. However, they agree that the enterotypes are 
associated with urbanisation. Particularly, to the differences in diet that have been 
linked to industrialisation of food supply change (e.g. altered macronutrient composition 
and proportion). Overall, the data suggests that host’s long-term diet pattern is a strong 
driver of microbial community assembly, that is also stable across human populations. 
This association, however, does not always coincide with individual incidences of 
obesity. However, rather than disproving the association between obesity and the 
microbiota, the lack of strong trends should be taken as an indication that there are 
unaccounted factors that modulate individual obesity (e.g. the host’s ethnogeography 
background). 
There is a strong indication that the association between Prevotella-dominated 
microbiota and obesity in the Balinese is specific to the genetic background and diet 
patterns of these individuals. Obesity-related phenotypes were elevated in Balinese 
individuals with non-R mtDNA haplogroup (Figure 2.22 in Chapter 2). The prevalence 
of Prevotella-dominated enterotype was also higher in these individuals (Figure 2.23 
and Table 2.11 in Chapter 2), along with decreased intake of animal-based protein 
(from chicken intake) and increased intake of plant-derived protein (from tempeh). All 
of these suggest that the association between microbiota and obesity in a person is 
maybe dependent on the individual’s diet preferences and ethnogeography 
background. Possibly due to ‘founder effects’, whereby antecedent microbial 
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community drives the outcomes of community alteration and modulate the community’s 
interaction with disease factors. 
 
4.3. Conclusion and Recommendations 
Collectively, the findings of this thesis has revealed potential links between the gut 
microbiota with diet, urbanisation, ethnogeography and obesity. This is the first study 
which provides evidence that the variations in the human gut microbiota exerted by the 
host’s lifestyle (e.g. long-term diet) are distinct from the variations inherent to the host’s 
ethnogeography (e.g. ethnic and ancestral origins). Lifestyle and ethnogeography, 
however, are interrelated by which they influence microbial community assembly in the 
host, likely by (long-term) diet, which give rise to the enterotypes. Through ‘founder 
effect’, the enterotypes might drive the microbial community’s resilience under 
exposure to disease promoting factors (e.g. incidental high fat diet), and modulate the 
host’s predisposition to obesity. Further studies are required to confirm the causal 
relationships of these associations. In addition, the difference in microbial metabolic 
activities between the enterotypes needs to be clarified (e.g. by whole-genome 
metagenomics sequencing or a metabolomics assay). Understanding the mechanistic 
properties of community assembly of the enterotypes and its links to metabolic activities 
may elucidate deeper links between urbanisation, obesity, and the gut microbiota. 
Lastly, this study has laid down the basis for a more targeted exploration for obesity-
associated microbial signatures that could ultimately lead to improved public health 
measures. 
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Appendix 1.1. MtDNA haplotyping PCR and Cycle Sequencing details 
 
A1.1.1. Components for HVR I and HVR II PCR 
Component Final 
Concentration 
PCR KAPATaq Extra Buffer (without Mg2+) 1x 
MgCl2 1.75 mM 
dNTPs mix 0.2 mM 
L15904 primer 0.4 pmol/μl 
H649 primer 0.4 pmol/μl 
KAPATaq Extra HotStart DNA Polymerase 1.24 Unit/μl 
DNA template 2 ng/μl 
 
A1.1.2. Conditions for HVR I and HVR II PCR 
Step Temperature Time Cycle 
Pre- Denaturation 95 oC 5 m  
Denaturation 95 oC 1 m 30 
Annealing 57 oC 30 s 
Extension 68 oC 90 s 
Post-extension 68 oC 5 m  
Hold 15 oC ∞  
 
A1.1.3. Components for HVR I and HVR II Cycle Sequencing 
Component In 15 μL reaction 
DNA template Varies (~ 20 ng/reaction) 
Big Dye terminator 6 μl 
2 pmol/ul Sequencing primer 1.5 μl 
ddH2O Top up to 15 μl 
* forward sequencing of HVR I used L15971 primer 
* reverse sequencing of HVR I used H61 primer (only if T16189C occurs, see Appendix 1.15) 
* forward sequencing of HVR II used L15 primer 
* reverse sequencing of HVR II used H484 primer (only if T310C occurs)  
 
A1.1.4. Conditions for HVR I and HVR II PCR 
Step Temperature Time Cycle 
Pre- Denaturation 96 oC 3 m  
Denaturation 96 oC 10 s 25 
Annealing 50 oC 5 s 
Extension 72 oC 4 m 
Hold 4 oC ∞  
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Appendix 1.2. Summary of raw OTU table 
# Output of biom summarize-table in QIIME 
# Using the original OTU table produced by pick_open_ref_otus.py script 
# Details the number of (unfiltered) sequence that belongs to each sample  
 
Num samples: 41 
Num observations: 57602 #equates the total number of observed OTUs 
Total count: 6780692 #equates the total number of sequence 
Table density (fraction of non-zero values): 0.106 
 
Counts/sample summary: 
 Min: 109530.0 
 Max: 226428.0 
 Median: 164812.000 
 Mean: 165382.732 
 Std. dev.: 26826.256 
 Sample Metadata Categories: None provided 
 Observation Metadata Categories: taxonomy 
 
Counts/sample detail: 
 BA031: 109530.0 
 BA014: 124299.0 
 BA029: 124957.0 
 BA016: 129864.0 
 BA021: 129983.0 
 BA034: 130447.0 
 BA041: 136306.0 
 BA024: 140513.0 
 BA036: 144413.0 
 BA023: 144698.0 
 BA008: 148513.0 
 BA032: 149698.0 
 BA006: 150794.0 
 BA019: 152293.0 
 BA027: 154030.0 
 BA028: 154661.0 
 BA037: 157247.0 
 BA015: 157365.0 
 BA020: 161541.0 
 BA012: 163952.0 
 BA004: 164812.0 
 BA018: 166875.0 
 BA026: 167157.0 
 BA009: 169748.0 
 BA013: 169990.0 
 BA005: 171064.0 
 BA035: 174218.0 
 BA022: 174875.0 
 BA017: 176788.0 
 BA011: 182718.0 
 BA025: 183354.0 
 BA003: 184422.0 
 BA010: 185638.0 
 BA033: 189500.0 
 BA040: 193153.0 
 BA030: 195813.0 
 BA038: 207073.0 
 BA001: 207778.0 
 BA039: 209427.0 
 BA002: 214757.0 
 BA007: 226428.0 
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Appendix 1.3. Filtered OTU table 
 
See attached “Appendix1.3_otu_table_rarified_filtered.xlsx”  
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Appendix 1.4. Compiling OTU by Taxonomy (original script) 
 
#script name: get_sequence_count_by_taxonomy.sh 
#!/bin/bash 
 
## This script takes a biom table then make a summary of the sequence count by Phylum.  
 
## This script requires QIIME to be fully installed in the computer to run properly 
 
## the script should be run with the rarefied OTU table in biom format as input (e.g. rarified_otu_table.biom) 
 
## execute the script as ". get_otu_counts_by_phylum.sh rarified_otu_table.biom" (without quotation) 
 
## The output is written as "OTU_count_by_Phylum.csv" 
 
# prompt script to take input file 
[ $# -ge 1 -a -f "$1" ] && input="$1" || input="-" 
 
#remove empty otus 
`filter_otus_from_otu_table.py -n 1 -i $input -o final_otu_table_filtered_rarified_82e99976.biom` && 
 
# split OTU table by Phylum 
`split_otu_table_by_taxonomy.py -L 6 -o otu_table_by_6levels -i final_otu_table_filtered_rarified_82e99976.biom` 
&& 
 
# create a list of all the split OTU tables 
cd otu_table_by_6levels && 
 
ls | grep .biom | sed 's/.biom/.biom,/g' > ls.txt  
 
# summarise the OTU tables 
mkdir biom_summary && 
 
cat ls.txt | while read -d "," LINE ; do `biom summarize-table -i "$LINE" --observations -o 
biom_summary/"$LINE".summary` ; done 
 
# compile and clean up results as OTU_count_by_Phylum.csv  
cat ls.txt | while read -d "," LINE ; do echo `tail -n +16 biom_summary/"$LINE".summary | while read OTU; do echo 
"$LINE","$OTU";done`; done | 
sed 's/\sotu_table_/\notu_table_/g' | 
sed 's/\s//g' | 
sed 's/:/,/g' | 
sed 's/k__Bacteria.biom/Bacteria.Other,,,,/g' | 
sed 's/k__Archaea_p__//g' | 
sed 's/k__Bacteria_p__//g' | 
sed 's/_c__/,/g' | 
sed 's/_o__/,/g' | 
sed 's/_f__/,/g' | 
sed 's/_g__/,/g' | 
sed 's/.biom//g' |  
sed 's/otu_table_//g' | 
sed '1 i\Phylum,Class,Order,Family,Genus,OTU_ID,seq.count' > ../OTU_count_by_6levels.csv 
 
# indicate when the script has finished running 
echo "output written as OTU_count_by_6levels.csv" 
 
# clean up 
cd .. 
rm -rf otu_table_by_6levels/  
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Appendix 1.5: NePRaMA Chart (R script) 
 
See attached “Appendix1.5.1_draw_nested_pie.r” for the R script to create the  
Nested Pie-charts of Ranked Microbial Abundance (NePRaMA) ; and 
“Appendix1.5.2_neprama_dataset.csv” for the dataset used to make the chart in this 
thesis. 
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Appendix 1.6: LEfSe Genus-level input file 
 
See attached “Appendix1.6_LEfSe_input_L6_nopreobese.txt” 
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Appendix 1.7: Network Analysis (R script) 
 
See attached “Appendix1.7.1_network_analysis.r” for the R script to perform the  
Co-occurrence network ; and “Appendix1.7.2_network_analysis_dataset.csv” for the 
dataset used to make the analysis. 
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Appendix 1.8. Shannon and Simpson diveristy at different taxonomic levels 
 
 
This figure depicts comparisons of Inverse Simpson and Shannon’s H metrics between 
obese, pre-obese, and obese subjects at Phylum, Family, and Genus-level. P-values 
were calculated using Kruskal-Wallis Rank Sum Test.  
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Appendix 1.9. Comparison of Firmicutes/Bacteroidetes between study cohorts 
  a: Comparisons of Firmicutes to Bacteroidetes ratio across cohorts. Points (black) indicate the ratio 
in individual samples. b:  Comparisons of Firmicutes and Bacteroidetes relative abundance across 
cohorts. Abundance in individual samples coloured by Pylum (red: for Firmicutes; blue, 
Bacteroidetes). Means values between groups were compared with pairwise Welch Two Sample 
t-test with FDR adjustment for multiple comparisons. P-values were depicted as “***”,”**”,”*”,”^” for 
<0.001, <0.01, <0.05, and <0.1, respectively; ns: not significant. Abbreviations: Ln, lean; Ob, 
obese; pOb, pre-obese samples. 
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Appendix 1.10: Randomised lean cohort abundance profile (NePRaMA charts)  
 
 NePRaMA charts showing differences in microbial community between subset 
lean cohorts. Each layer in the pie chart represent a taxonomic level (inner to outer 
ring; Phylum, Class, Order, Family, Genus). On each ring, the size of the wedges 
is appropriate to relative abundance of the taxon. Taxa were ranked by abundance 
in clockwise direction.   
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Appendix 1.11.1. Nutritional value of water spinach (kangkung) (abridged) 
 
Database : USDA National Nutrient Database for Standard Reference Release 28  
#Food ID : 11504, Swamp cabbage (skunk cabbage), boiled, no salt 
Scientific name  : Ipomoea aquatica 
Food Group : Vegetables and Vegetable Products 
 
Carbohydrate Factor : 3.57    
Fat Factor  : 8.37    
Protein Factor  : 2.44    
Nitrogen to Protein Conversion Factor: 6.25    
Nutrient Unit Value per 100 g 
Proximates   
Water g 92.93 
Energy kJ 85 
Protein g 2.08 
Total lipid (fat) g 0.24 
Carbohydrate, by difference g 3.7 
Fibre, total dietary g 1.9 
Lipids   
Fatty acids, total saturated g 0.039 
Fatty acids, total monounsaturated g 0.007 
Amino Acids   
Threonine g 0.112 
Isoleucine g 0.083 
Leucine g 0.116 
Lysine g 0.087 
Methionine g 0.035 
Cysteine g 0.023 
Phenylalanine g 0.102 
Tyrosine g 0.064 
Valine g 0.108 
Arginine g 0.118 
Histidine g 0.037 
Alanine g 0.087 
Aspartic acid g 0.519 
Glutamic acid g 0.201 
Glycine g 0.079 
Proline g 0.07 
Serine g 0.097 
   
   
 (for full information see url http://tinyurl.com/usdakangkung)    
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Appendix 1.11.2. Nutritional value of tempeh (abridged) 
 
Database : USDA National Nutrient Database for Standard Reference Release 28  
#Food ID : 16174, Tempeh, cooked 
Scientific name  : not available 
Food Group : Legumes and Legume Products  
 
Carbohydrate Factor : 4.07    
Fat Factor  :8.37    
Protein Factor  : 3.47    
Nitrogen to Protein Conversion Factor: 6.25   
 
Nutrient Unit Value per 100 g 
Proximates   
Water g 59.56
Energy kJ 803
Protein g 20.29
Total lipid (fat) g 10.80
Carbohydrate, by difference g 7.64
Fibre, dietary g data not available
Lipids  
Fatty acids, total saturated g 2.539
Fatty acids, total monounsaturated g 3.205
Amino Acids  
Tryptophan g 0.194
Threonine g 0.796
Isoleucine g 0.88
Leucine g 1.43
Lysine g 0.908
Methionine g 0.175
Cysteine g 0.193
Phenylalanine g 0.893
Tyrosine g 0.664
Valine g 0.92
Arginine g 1.252
Histidine g 0.466
Alanine g 0.96
Aspartic acid g 1.995
Glutamic acid g 3.292
Glycine g 0.754
Proline g 1.03
Serine g 1.019
   
 (for full information see url http://tinyurl.com/usdatempeh) 
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Appendix 1.11.3. Nutritional value of rice (abridged) 
 
Database : USDA National Nutrient Database for Standard Reference Release 28  
#Food ID : 20453, Rice, white, short-grain, cooked, unenriched 
Scientific name  : Oryza sativa 
Food Group : Cereal Grains and Pasta 
 
Carbohydrate Factor : 4.16    
Fat Factor  : 8.37    
Protein Factor  : 3.82    
Nitrogen to Protein Conversion Factor: 5.95   
 
Nutrient Unit Value per 100 g 
Proximates   
Water g 68.53
Energy kJ 544
Protein g 2.36
Total lipid (fat) g 0.19
Carbohydrate, by difference g 28.73
Fibre, total dietary g data not available
Lipids  
Fatty acids, total saturated g 0.051
Fatty acids, total monounsaturated g 0.058
Amino Acids  
Tryptophan g 0.027
Threonine g 0.084
Isoleucine g 0.102
Leucine g 0.195
Lysine g 0.085
Methionine g 0.056
Cysteine g 0.048
Phenylalanine g 0.126
Tyrosine g 0.079
Valine g 0.144
Arginine g 0.197
Histidine g 0.056
Alanine g 0.137
Aspartic acid g 0.222
Glutamic acid g 0.46
Glycine g 0.108
Proline g 0.111
Serine g 0.124
  
 (for full information see url http://tinyurl.com/usdawhite-rice) 
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Appendix 1.11.4. Nutritional value of chicken (abridged) 
Database : USDA National Nutrient Database for Standard Reference Release 28  
#Food ID : 05009, Chicken, broilers or fryers, meat and skin, cooked, roasted 
Food Group : Poultry Products 
 
Carbohydrate Factor : 3.87    
Fat Factor  : 9.02   
Protein Factor  : 4.27    
Nitrogen to Protein Conversion Factor: 6.25    
Nutrient Unit Value per 100 g 
Proximates   
Water g 59.45 
Energy kJ 1000 
Protein g 27.3 
Total lipid (fat) g 13.6 
Carbohydrate, by difference g 0 
Fibre, total dietary g 0 
Lipids   
Fatty acids, total saturated g 3.79 
Fatty acids, total monounsaturated g 5.34 
Amino Acids   
Tryptophan g 0.305 
Threonine g 1.128 
Isoleucine g 1.362 
Leucine g 1.986 
Lysine g 2.223 
Methionine g 0.726 
Cysteine g 0.364 
Phenylalanine g 1.061 
Tyrosine g 0.879 
Valine g 1.325 
Arginine g 1.711 
Histidine g 0.802 
Alanine g 1.591 
Aspartic acid g 2.434 
Glutamic acid g 3.991 
Glycine g 1.764 
Proline g 1.322 
Serine g 0.963 
   
 (for full information see url http://tinyurl.com/usdaroastchicken) 
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Appendix 1.12. mtDNA phylogenetic tree 
 
  
The oldest mtDNA haplogroup (L haplogroup) was generally accepted to emerge in 
Africa approximately 170,000 BC. This picture was reprinted from MitoMAP 
(http://www.mitomap.org/MITOMAP) by M. Lott, et al., 2016, licensed by a Creative 
Commons Attribution 3.0 license.  
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Appendix 1.13.1. List of Co-occurrence Network Vertices 
Cohort:  All Samples 
Node Taxa 
1 Methanobacteriaceae 
2 Comamonadaceae 
3 RF39.Unclassified 
4 Bacteroidales.Unclassified 
5 Elusimicrobiaceae 
6 Bacteroidaceae 
7 Porphyromonadaceae 
8 Prevotellaceae 
9 Barnesiellaceae. 
10 Paraprevotellaceae. 
11 Rikenellaceae 
12 Odoribacteraceae. 
13 Pasteurellaceae 
14 Sphingobacteriaceae 
15 SHA.98.Unclassified 
16 Clostridiales.Other 
17 Clostridiales.Unclassified 
18 Christensenellaceae 
19 Mogibacteriaceae. 
20 Oxalobacteraceae 
21 Ruminococcaceae 
22 Victivallaceae 
23 Verrucomicrobiaceae 
24 Clostridiaceae 
25 Peptostreptococcaceae 
26 Dehalobacteriaceae 
27 Synergistaceae 
28 Aeromonadales.Other 
29 Succinivibrionaceae 
 
Cohort: Lean 
Node Taxa 
1 Methanobacteriaceae 
2 Comamonadaceae 
3 RF39.Unclassified 
4 ML615J.28.Unclassified 
5 Bifidobacteriaceae 
6 Coriobacteriaceae 
7 Mogibacteriaceae. 
8 Bacteroidales.Unclassified 
9 Elusimicrobiaceae 
10 Bacteroidaceae 
11 Porphyromonadaceae 
12 Prevotellaceae 
13 Paraprevotellaceae. 
14 Pasteurellaceae 
15 Rikenellaceae 
16 Barnesiellaceae. 
17 Odoribacteraceae. 
18 Succinivibrionaceae 
19 Sphingobacteriaceae 
20 Tissierellaceae. 
21 SHA.98.Unclassified 
22 Clostridiales.Other 
23 Clostridiales.Unclassified 
24 Christensenellaceae 
25 Oxalobacteraceae 
26 Ruminococcaceae 
27 Victivallaceae 
28 Verrucomicrobiaceae 
29 Clostridiaceae 
30 Peptostreptococcaceae 
31 Synergistaceae 
32 Leptotrichiaceae 
33 Aeromonadales.Other 
 
Cohort: Obese 
Node Taxa 
1 Bacteroidales.Unclassified 
2 YS2.Unclassified 
3 Oxalobacteraceae 
4 Prevotellaceae 
5 Gemellaceae 
6 Carnobacteriaceae 
7 Staphylococcaceae 
8 ML615J.28.Unclassified 
9 Christensenellaceae 
10 Clostridia.Other 
11 RF32.Unclassified 
12 Erysipelotrichaceae 
 
Cohort: Pre-obese 
Node Taxa 
1 Methanobacteriaceae 
2 Carnobacteriaceae 
3 Bacteria.Other 
4 Clostridiales.Other 
5 Actinomycetaceae 
6 Paraprevotellaceae. 
7 Coriobacteriaceae 
8 Victivallaceae 
9 Porphyromonadaceae 
10 RF39.Unclassified 
11 Rikenellaceae 
12 Odoribacteraceae. 
13 Tissierellaceae. 
14 Fusobacteriaceae 
15 YS2.Unclassified 
16 Eubacteriaceae 
17 Streptococcaceae 
18 Comamonadaceae 
19 Clostridia.Other 
20 Leptotrichiaceae 
21 Proteobacteria.Other 
22 Aeromonadales.Other 
23 Christensenellaceae 
24 Dehalobacteriaceae 
25 Ruminococcaceae 
26 Mogibacteriaceae. 
27 Oxalobacteraceae 
28 Erysipelotrichaceae 
29 Dethiosulfovibrionaceae 
30 Synergistaceae 
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Appendix 1.13.2. List of Co-occurrence Network Vertices (continuation) 
 
Cohort: cluster Type-1 
Node Taxa 
1 Methanobacteriaceae 
2 Paraprevotellaceae. 
3 Clostridiaceae 
4 Comamonadaceae 
5 RF39.Unclassified 
6 Micrococcaceae 
7 Pasteurellaceae 
8 Bifidobacteriaceae 
9 Coriobacteriaceae 
10 Bacteroidaceae 
11 Mogibacteriaceae. 
12 Enterobacteriaceae 
13 Porphyromonadaceae 
14 Alcaligenaceae 
15 Rikenellaceae 
16 Barnesiellaceae. 
17 Odoribacteraceae. 
18 Clostridiales.Unclassified 
19 Oxalobacteraceae 
20 Sphingobacteriaceae 
21 Peptococcaceae 
22 SHA.98.Unclassified 
23 Verrucomicrobiaceae 
24 YS2.Unclassified 
25 Lactobacillaceae 
26 Clostridiales.Other 
27 Christensenellaceae 
28 Victivallaceae 
29 Dehalobacteriaceae 
30 Ruminococcaceae 
31 Peptostreptococcaceae 
32 Eubacteriaceae 
33 Lachnospiraceae 
34 Desulfovibrionaceae 
35 Tissierellaceae. 
36 Synergistaceae 
37 Aeromonadales.Other 
38 Succinivibrionaceae 
 
Cohort: cluster Type-2 
Node Taxa 
1 Methanobacteriaceae 
2 Coriobacteriaceae 
3 Carnobacteriaceae 
4 Christensenellaceae 
5 Dehalobacteriaceae 
6 Mogibacteriaceae. 
7 Dethiosulfovibrionaceae 
8 Actinomycetaceae 
9 Tissierellaceae. 
10 Bifidobacteriaceae 
11 Veillonellaceae 
12 Bacteroidales.Other 
13 Bacteroidaceae 
14 Porphyromonadaceae 
15 Rikenellaceae 
16 Bacteroidales.Unclassified 
17 Elusimicrobiaceae 
18 Barnesiellaceae. 
19 Paraprevotellaceae. 
20 Clostridiaceae 
21 Prevotellaceae 
22 Leuconostocaceae 
23 Odoribacteraceae. 
24 Clostridiales.Other 
25 YS2.Unclassified 
26 Clostridia.Other 
27 Streptophyta.Unclassified 
28 Synergistaceae 
29 Oxalobacteraceae 
30 Enterococcaceae 
31 Peptostreptococcaceae 
32 Enterobacteriaceae 
33 Lactobacillaceae 
34 Streptococcaceae 
35 Lachnospiraceae 
36 Turicibacteraceae 
37 Clostridiales.Unclassified 
38 Ruminococcaceae 
39 Erysipelotrichaceae 
40 RF39.Unclassified 
41 Victivallaceae 
42 Aeromonadales.Other 
43 SHA.98.Unclassified 
44 Leptotrichiaceae 
45 Proteobacteria.Other 
46 Spirochaetaceae 
47 RF32.Unclassified 
48 Desulfovibrionaceae 
49 Succinivibrionaceae 
 
Cohort: Macro-haplogroup M 
Node Taxa 
1 Methanobacteriaceae 
2 Clostridiales.Unclassified 
3 Dehalobacteriaceae 
4 Mogibacteriaceae. 
5 Comamonadaceae 
6 RF39.Unclassified 
7 Actinomycetaceae 
8 Lactobacillaceae 
9 Bifidobacteriaceae 
10 Eubacteriaceae 
11 Coriobacteriaceae 
12 Ruminococcaceae 
13 Erysipelotrichaceae 
14 Bacteroidales.Other 
15 Bacteroidaceae 
16 Porphyromonadaceae 
17 Fusobacteriaceae 
18 Bacteroidales.Unclassified 
19 Elusimicrobiaceae 
20 Prevotellaceae 
21 Paraprevotellaceae. 
22 Clostridiaceae 
23 Peptostreptococcaceae 
24 Desulfovibrionaceae 
25 Rikenellaceae 
26 Barnesiellaceae. 
27 Odoribacteraceae. 
28 Christensenellaceae 
29 Oxalobacteraceae 
30 Synergistaceae 
31 Pasteurellaceae 
32 Sphingobacteriaceae 
33 SHA.98.Unclassified 
34 YS2.Unclassified 
35 Enterococcaceae 
36 Enterobacteriaceae 
37 Streptococcaceae 
38 Lachnospiraceae 
39 Clostridiales.Other 
40 Victivallaceae 
41 Verrucomicrobiaceae 
42 Aeromonadales.Other 
43 Succinivibrionaceae 
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Appendix 1.13.3. List of Co-occurrence Network Vertices (continuation) 
 
Cohort: Macro-haplogroup R 
Node Taxa 
1 Methanobacteriaceae 
2 Bifidobacteriaceae 
3 Sphingobacteriaceae 
4 SHA.98.Unclassified 
5 Victivallaceae 
6 Comamonadaceae 
7 Dethiosulfovibrionaceae 
8 Synergistaceae 
9 RF39.Unclassified 
10 Other 
11 Coriobacteriaceae 
12 Actinomycetaceae 
13 Veillonellaceae 
14 Corynebacteriaceae 
15 Micrococcaceae 
16 Enterobacteriaceae 
17 Bacteroidales.Other 
18 Paraprevotellaceae. 
19 Bacteroidales.Unclassified 
20 Elusimicrobiaceae 
21 Aeromonadales.Other 
22 Succinivibrionaceae 
23 Bacteroidaceae 
24 Porphyromonadaceae 
25 Barnesiellaceae. 
26 Alcaligenaceae 
27 Prevotellaceae 
28 Rikenellaceae 
29 Tissierellaceae. 
30 Pasteurellaceae 
31 Odoribacteraceae. 
32 Clostridiales.Other 
33 RF32.Unclassified 
34 Peptococcaceae 
35 Dehalobacteriaceae 
36 Carnobacteriaceae 
37 Christensenellaceae 
38 Lactobacillaceae 
39 Mogibacteriaceae. 
40 Turicibacteraceae 
41 Clostridia.Other 
42 Clostridiales.Unclassified 
43 Oxalobacteraceae 
44 Clostridiaceae 
45 Peptostreptococcaceae 
46 Ruminococcaceae 
47 Fusobacteriaceae 
48 Leptotrichiaceae 
49 Verrucomicrobiaceae
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Appendix 1.14. Linear Regression of Food Frequency with 
Firmicutes/Bacteroidetes 
 
      
 
Linear regression between PC1/PC2 of food frequency questionnaire PCA with 
Bacteroidetes abundance is shown. Regression line is displayed in black with equation. 
Strength of R2 trends: R2 < 0.04, weak; R2 < 0.16, modest; R2 < 0.36, moderate; R2 < 
0.64, moderately strong; R2 > 0.64, strong. P-value = > 0.1, not significant; 0.1 – 0.05, 
borderline significant; P-value < 0.05, significant. 
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Appendix 1.15. SNP difference of mtDNA R and non-R haplogroup 
 
  
A section of aligned mtDNA HVR I region from subjects harbouring MD, RB, RF, and RR 
haplogroup is shown. The polymorphism at C16223T differentiate the individuals that 
belonged to haplogroups non-R (MD) and R (RB, RF, and RR).  The polymorphism of at 
T16189C is also shown as reference.  
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Appendix 2.1. Geographical sampling locations of the populations 
 
Population  Location Ref. Lat. Long. Google Map Search query 
Bali  Denpasar City this study -8.673 115.219 https://goo.gl/maps/G7tSuzFTdgJ2 
Malawi Mayaka/Mbiza [11] -15.533 35.294 https://goo.gl/maps/Hvjvap4KPuj 
Venezuela Platanillal1 [11] 5.426 -67.646 https://goo.gl/maps/gdg4kJAscG42 
Coromoto1 [11] 5.411 -67.609 https://goo.gl/maps/qsvpPnsoeLs 
Papua 
New 
Guinea 
Asaro2 [13] -6.013 145.312 https://goo.gl/maps/jm6BnDooBC62 
Sausi2 [13] -5.694 145.522 https://goo.gl/maps/Y5iQtBchQRH2 
United 
States1 
Boulder1 [11] 40.015 -105.271 https://goo.gl/maps/6AqCTTf3kGJ2 
St. Louis1 [11] 38.627 -90.199 https://goo.gl/maps/NoxotfrRbb52 
Philadelphia1 [11] 39.953 -75.165 https://goo.gl/maps/Loa4Eeq9s4q 
Nebraska2 [13] 41.493 -99.902 https://goo.gl/maps/1h1RAnq4fqG2 
Tanzania Dedauko/Sengele3 [12] -3.667 35.083 https://goo.gl/maps/g1zNZ51GNG12 
Italy Bologna3 [12] 44.495 11.343 https://goo.gl/maps/YHSdFViXvyz 
Lat., Latitude; Long., Longitude. 
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Appendix 2.2. Output of chimera filtering and OTU picking steps 
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Bali 41 V4 515f / 806r [140] MiSeq 7,333,154 3.67% 60,822 167,205 83.89% 13.16%
Malawi 21 V4 515f / 806r [140] HiSeq 46,250,507 0.30% 157,450 2,182,249 93.75% 5.64% 
Venezuela 28 V4 515f / 806r [140] HiSeq 52,196,224 0.24% 269,416 1,842,898 90.49% 8.61% 
Papua New Guinea 40 V5 - V6 784 / 1064r [13] MiSeq 661,405 0.07% 2,609 16,501 96.86% 3.01% 
Tanzania 27 V4 520f / 802r [12] 454 156,440 1.72% 5,178 5,551 17.47% 80.01%
USA (Nebraska) 22 V5 - V6 784 / 1064r [13] MiSeq 332,872 0.04% 1,827 15,098 98.07% 1.75% 
USA (Boulder) 24 V4 515f / 806r [140] HiSeq 51,593,952 0.17% 198,444 2,133,031 95.31% 4.08% 
USA (Philadelphia) 10 V4 515f / 806r [140] HiSeq 20,665,763 0.25% 58,886 2,050,782 96.12% 3.37% 
USA (St. Louis) 95 V4 515f / 806r [140] HiSeq 245,793,700 0.24% 235,990 2,540,514 92.13% 7.34% 
Italy (Bologna) 11 V4 520f / 802r [12] 454 154,135 1.47% 3,663 13,525 21.37% 76.59%
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Appendix 2.3. Output summary after removal of ‘rare’ OTUs. 
Population n Av
era
ge
 se
qu
en
ce
/sa
mp
le 
(si
ng
let
on
 O
TU
s r
em
ov
ed
)  
Mi
nim
um
 se
qu
en
ce
 
ab
un
da
nc
e i
n O
TU
s 
(0.
00
5%
 th
res
ho
ld)
** 
No
. o
f O
TU
s r
em
ov
ed
 
% 
se
qu
en
ce
 re
mo
ve
d 
Fin
al 
no
. o
f O
TU
s 
(po
st-
filt
ere
d) 
Fin
al 
no
. o
f 
se
qu
en
ce
s/s
am
ple
 
(po
st-
filt
ere
d) 
Bali 41 167,205 10 47,751 2.3% 13,071 163,431
Malawi 21 2,182,249 110 152,527 2.1% 4,923 2,137,447
Venezuela 28 1,842,898 93 262,417 2.7% 6,999 1,792,865
Papua New Guinea 40 16,501 2 0 0% 2,609 16,501
Tanzania 27 5,551 2 0 0% 5,178 5,551
Italy (Bologna) 11 13,525 2 0 0% 3,663 13,525
USA (Nebraska) 22 15,098 2 0 0% 1,827 15,098
USA (Boulder) 24 2,133,031 107 192,798 2.2% 5,646 2,087,000
USA (Philadelphia) 10 2,050,782 103 55,986 1.9% 2,900 2,011,900
USA (St. Louis) 95 2,540,514 129 216,493 1.2% 19,497 2,508,960
 
** OTUs that were present in <0.005% of the average sequences/sample were 
removed from the data. For example, the Bali population had 41 samples with an 
average of 167,205 sequence reads/sample. Thus, OTUs with <10 sequence 
(±0.005% of 167,206) were discarded. This resulted in the removal of 58,213 
OTUs (encompassing 2.3% of total sequence obtained across 41 samples) from 
the Bali dataset; leaving 13,071 OTUs for use in further analysis. This filtering step 
was done separately for each population. Note that the <0.005% cut-off point was 
arbitrarily determined. 
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Appendix 2.4. OTU binning by species (method) 
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Appendix 2.5. PCoA of unweighted Unifrac of the meta-population ATUs 
 a: PCoA of unweighted Unifrac distance across different populations; data points represents 
individual microbiota, coloured by population (see legend); data point shaped assigned by 
obesity (BMI) category (see legend). This showed that individuals from one population were 
more similar with one another. 
b: PCoA of unweighted Unifrac distance using a subset of samples sequenced using 515f/806r 
of the 16S rRNA gene (targets V4 region). The colour and shapes of the data points were as 
metioned above. This showed individuals from Venezuela and Malawi (rural) were closer 
together than those from Bali (semi-urban) and the USA (urban). 
c: Identical PCoA to (a), but the colours were superimposed with the ratio of Prevotella to 
Bacteroides. This showed that rural populations were more enriched in Prevotella than 
Bacteroides; whereas the ratio was reversed in urban populations. 
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Appendix 2.6. Rarefaction analysis of the meta-population data. 
(a) 
  
(b) 
 
(a) A rarefaction analysis was performed to compare species richness by populations 
at different sequencing depth. Each line showed the average species count by 
population at a given sequencing depth. The error bars depict Mean±SE, where SE 
is standard error of the mean. The line colours represent population of origin (see 
legend). 
(b) Rarefaction analysis of individual species count, data stratified by populations. Each 
line represents the count of observed species in an individual. Colours reflect 
population of origin (see legend). 
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Appendix 2.7. Alpha diversity comparisons between populations  
 
Differences in alpha diversity (measured using Shannon’s H diversity metric) 
between populations was compared at the depth of 1500 sequence/sample using 
Welch’s Two-sample t-test with FDR correction. The result is shown in the figure 
and table below (values highlighted in green are those that were biased by primer 
selections): 
 
 
 
Shannon's H  Welch’s Two‐sample t‐test p‐values (FDR adjusted)  
 Bali (V4)* 
Malawi 
(V4)*
Venezuela 
(V4)*
USA 
(V4)*
Tanzania 
(V4)**
Italy 
(V4)** 
USA 
(V3‐V5)
Malawi (V4)*  0.977  ‐  ‐  ‐  ‐  ‐  ‐ 
Venezuela (V4)*  0.977  0.977  ‐  ‐  ‐  ‐  ‐ 
USA (V4)*  0.003  0.018  0.009  ‐  ‐  ‐  ‐ 
Tanzania (V4)**  0.000  0.000  0.000  0.000  ‐  ‐  ‐ 
Italy (V4)**  0.064  0.085  0.076  0.977  0.000  ‐  ‐ 
USA (V3‐V5)  <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 
Papua New Guinea 
(V3‐V5)  <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.315 
 * These populations were sequenced using 515f/806r primers of the 16S rRNA gene (V4). 
** Sequenced using 520f/802r primers of the 16S rRNA gene (V4).  
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Appendix 2.8. Comparison of bacterial family by population 
 
 
The figure shows individual relative abundance profile of individual bacterial family 
abundance in all population. Individual samples are ranked by (from left to right by 
decreasing Prevotellaceae abundance (see legend). Only the abundance of 
Prevotellaceae, Bacteroidaceae, Succinivibrionaceae, Enterobacteriaceae, 
Bifidobacteriaceae, and Coriobacteriaceae are shown. This figure is an extension 
of Figure 3.6, which showed all of the Families. 
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Appendix 2.9. Microbial family abundance of USA (V4) individuals  
 
 
The figure shows individual relative abundance profile of USA individuals 
(Boulder, Philadelphia, St. Louis) at family-level; by which the taxonomy was 
based on sequences of V4 region of the 16S rRNA gene sequenced (515f/806r 
primer). Samples were ordered from left to right according to the sum of all 
Firmicutes family (see legend). This figure an extension of Figure 3.6, that only 
showed 30 randomly picked individuals out of 129 available samples in the USA 
(V4) dataset. 
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Appendix 2.10. Methionine biotransformation by B. fragilis, P. copri, E. coli 
 
UNIPROT*
Entry  Protein names  Gene names  Organism  Length 
A0A081UBL5  Peptide methionine sulfoxide reductase  IB64_05530  Bacteroides fragilis  362 
A0A0I9RP66  Methylenetetrahydrofolate reductase (EC 1.5.1.20)  EC81_0219730  Bacteroides fragilis  317 
A0A0I9RQT1  Peptide methionine sulfoxide reductase  EC81_0217405 EE52_0213930  Bacteroides fragilis  362 
A0A0I9TSM4  Methionine sulfoxide reductase  EC81_0214540  Bacteroides fragilis  275 
R6BZW0  Methionine synthase  BN510_01900  Prevotella copri CAG:164  927 
R6BYT6  Methionine‐‐tRNA ligase (EC 6.1.1.10) (Methionyl‐tRNA synthetase)  metG BN510_01594  Prevotella copri CAG:164  688 
R6BX01  Methyltransferase  BN510_00971  Prevotella copri CAG:164  393 
R6BYU6  Protein‐(Glutamine‐N5) methyltransferase  BN510_01604  Prevotella copri CAG:164  292 
R6C1N3  Putative methionine synthase  BN510_00848  Prevotella copri CAG:164  273 
R6BQR7  Ribosomal protein S12 methylthiotransferase RimO   rimO BN510_01859  Prevotella copri CAG:164  433 
R6BXG8  Ribosomal RNA small subunit methyltransferase E (EC 2.1.1.193)  BN510_01186  Prevotella copri CAG:164  251 
R6BRG8  S‐adenosylmethionine:tRNA ribosyltransferase‐isomerase (EC 2.4.99.17)  queA BN510_02098  Prevotella copri CAG:164  424 
R6C0X0  Serine hydroxymethyltransferase (SHMT) (Serine methylase) (EC 2.1.2.1)  glyA BN510_00616  Prevotella copri CAG:164  426 
R6BTS3  tRNA (guanine‐N(1)‐)‐methyltransferase (EC 2.1.1.228)  trmD BN510_02019  Prevotella copri CAG:164  237 
R6C2S3  tRNA(Ile)‐lysidine synthase (EC 6.3.4.19)  tilS BN510_01208  Prevotella copri CAG:164  449 
R6C3B3  tRNA1(Val) (adenine(37)‐N6)‐methyltransferase (EC 2.1.1.223)  BN510_01381  Prevotella copri CAG:164  246 
R6BSB9  tRNA‐2‐methylthio‐N(6)‐dimethylallyladenosine synthase (EC 2.8.4.3)   miaB BN510_01555  Prevotella copri CAG:164  444 
A0A061KFQ3  S‐adenosylmethionine synthase (AdoMet synthase) (EC 2.5.1.6)  metK_2 metK metK_1  Escherichia coli  383 
A0A0K4UK60  Methionine‐‐tRNA ligase (EC 6.1.1.10)  metG_1 metG   Escherichia coli  699 
C3TPN7  Methionine aminopeptidase (MAP) (MetAP) (EC 3.4.11.18)  map map_1 map_2 map_3   Escherichia coli  264 
C3T6W7  Peptide methionine sulfoxide reductase MsrB (EC 1.8.4.12)  yeaA   Escherichia coli  137 
A0A0K4W5D6  Carboxy‐S‐adenosyl‐L‐methionine synthase (Cx‐SAM synthase)  cmoA ERS139235_04657  Escherichia coli  247 
A0A0U4KIP3  Peptide methionine sulfoxide reductase MsrA (EC 1.8.4.11)  msrA ACN002_4452  Escherichia coli  221 
This information is reprinted from UniProt database. © 2002 – 2016 UniProt Consortium  [187]
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Appendix 2.11. Vitamin contents in Tempeh 
 
Database : USDA National Nutrient Database for Standard Reference Release 28  
#Food ID : 16174, Tempeh, cooked 
Scientific name  : not available 
Food Group : Legumes and Legume Products  
 
Carbohydrate Factor : 4.07    
Fat Factor  :8.37    
Protein Factor  : 3.47    
Nitrogen to Protein Conversion Factor: 6.25   
 
Nutrient Unit Value per 100 g 
Vitamins   
Vitamin C, total ascorbic acid  mg 0.0 
Thiamine  mg 0.078 
Riboflavin  mg 0.358 
Niacin  mg 2.640 
Pantothenic acid  mg 0.278 
Vitamin B-6  mg 0.215 
Folate, total  µg 24 
Folic acid  µg 0 
Folate, food  µg 24 
Folate, DFE  µg 24 
Vitamin B-12  µg 0.08 
Vitamin A, RAE  µg 0 
Retinol  µg 0 
Vitamin A, IU  IU 0 
Vitamin D (D2 + D3)  µg 0.0 
Vitamin D  IU 0 
 (for full information see url http://tinyurl.com/usdatempeh) 
 
 
